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adhoc_dmgs_cpmethod Generates a comment about the method
Description

Generates a comment about the method

Usage
adhoc_dmgs_cpmethod()

Value

String

analytic_cpmethod Generates a comment about the method

Description

Generates a comment about the method

Usage

analytic_cpmethod()

Value

String
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bayesian_dq_4terms_v1 Evaluate DMGS equation 3.3

Description

Evaluate DMGS equation 3.3

Usage

bayesian_dq_4terms_v1(lddi, 1lddd, mul, pidopil, pidopi2, mu2, dim)

Arguments
lddi inverse of second derivative of observed log-likelihood
1ddd third derivative of observed log-likelihood
mu’l DMGS mul vector
pidopil first part of the prior term
pidopi2 second part of the prior term
mu2 DMGS mu2 matrix
dim number of parameters
Value
Vector
calc_revert2ml determine revert2ml or not
Description

determine revert2ml or not

Usage
calc_revert2ml (v5h, v6h, t3)

Arguments

v5h fifth parameter

véh sixth parameter

t3 a vector of predictors for the shape
Value

Logical
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cauchy_cp Cauchy Distribution Predictions Based on a Calibrating Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model ***x the five
functions are as follows:

» gx**xx_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.

e r*x%x_cp returns n random deviates from the predictive distribution.
o d**x*x_cp returns the predictive density function at the specified values y
* pxx*x_cp returns the predictive distribution function at the specified values y

e txx*x_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-
rithm.

Usage

gcauchy_cp(
X,
p = seq(@0.1, 0.9, 0.1),
dl = 0.01,
fd2 = 0.01,
means = FALSE,
waicscores = FALSE,
logscores = FALSE,
dmgs = TRUE,
rust = FALSE,
nrust = le+@5,
debug = FALSE,
aderivs = TRUE

rcauchy_cp(
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n,
X,
di = 0.01,
fd2 = .01,
rust = FALSE,
mlcp = TRUE,
debug = FALSE,
aderivs = TRUE
)
dcauchy_cp(
X,
y = x,
di = 0.01,
fd2 = 0.01,
rust = FALSE,
nrust = 1000,
debug = FALSE,
aderivs = TRUE
)
pcauchy_cp(
X,
y = x,
di = 0.01,
fd2 = 0.01,
rust = FALSE,
nrust = 1000,
debug = FALSE,
aderivs = TRUE
)
tcauchy_cp(n, x, d1 = 0.01, fd2 = 0.01, debug = FALSE)
Arguments
X a vector of training data values
p a vector of probabilities at which to generate predictive quantiles
di if aderivs=FALSE, the delta used for numerical derivatives with respect to the
first parameter
fd2 if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the second parameter
means logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)
waicscores logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC2 scores (longer runtime)
logscores logical that indicates whether to run additional calculations and return leave-

one-out estimates of the log-score (much longer runtime, non-EVT models only)
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dmgs

rust

nrust
debug

aderivs

mlcp

Value

cauchy_cp

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

gx*x* returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.

e ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.

* cp_quantiles: predictive quantiles calculated using a calibrating prior.

¢ maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, gx*** additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

e adjustedx: the detrended values of x

r**%% returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_deviates: random deviates calculated using maximum likelihood.

* cp_deviates: predictive random deviates calculated using a calibrating prior.

e cp_method: a comment about the method used to generate the cp prediction.

d*x#** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_pdf: density function from maximum likelihood.

» cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).
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e cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
e ml_cdf: distribution function from maximum likelihood.

e cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
t*** returns a list containing the following:
* theta_samples: random samples from the parameter posterior.

Details of the Model

The Cauchy distribution has probability density function

fx;p,0) :% <1+ (x;u)2>1

where x is the random variable and u, o > 0 are the parameters.

The calibrating prior is given by the right Haar prior, which is

(o) x .

as given in Jewson et al. (2025).

Optional Return Values

g**** optionally returns the following:

If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.
* waic2: the WAIC2 score for the calibrating prior model.

If logscores=TRUE:

* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)

* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)

If means=TRUE:
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* ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible
* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
r*x*x optionally returns the following:
If rust=TRUE:
* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.
d*x*x optionally returns the following:
If rust=TRUE:
* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.
p**** optionally returns the following:
If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.

Details (non-homogeneous models)

This model is not homogeneous, i.e. it does not have a transitive transformation group, and so there
is no right Haar prior and no method for generating exactly reliable predictions. The cp outputs are
generated using a prior that has been shown in tests to give reasonable reliability. See Jewson et
al. (2024) for discussion of the prior and test results. For non-homogeneous models, reliability is
generally poor for small sample sizes (<20), but is still much better than maximum likelihood. For
small sample sizes, it is advisable to check the level of reliability using the routine reltest.

Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.
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For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

See Also

Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

Cauchy (cauchy),

Cauchy with linear predictor on the mean (cauchy_p1),

Exponential (exp),

Exponential with log-linear predictor on the scale (exp_p1),

Frechet with known location parameter (frechet_k1),

Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
Gamma (gamma),

Generalized normal (gnorm),

GEV (gev),

GEV with linear predictor on the location (gev_p1),

GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

GEV with linear predictor on the location and known shape (gev_p1k3),
GEV with known shape (gev_k3),

GPD with known location (gpd_k1),

Gumbel (gumbel),

Gumbel with linear predictor on the mean(gumbel_p1),


https://ascmo.copernicus.org/articles/11/1/2025/
https://ascmo.copernicus.org/articles/11/1/2025/
http://www.fitdistcp.info/index.html
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¢ Half-normal (halfnorm),

* Inverse gamma (invgamma),

* Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

 Logistic (logis),
* Logistic with linear predictor on the location (logis_p1),
* Log-normal (1norm),
* Log-normal with linear predictor on the location (1norm_p1),
e Normal (norm),
* Normal with linear predictor on the mean (norm_p1),
* Pareto with known scale (pareto_k2),
* Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
e Uniform (unif),
¢ Weibull (weibull),
* Weibull with linear predictor on the scale (weibull_p?2),
The level of predictive probability matching achieved by the maximum likelihood and calibrating

prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,

Examples

#

# example 1
x=fitdistcp::d42cauchy_example_data_v1
p=c(1:9)/10
g=qlogis_cp(x,p,rust=TRUE,nrust=1000)
xmin=min(q$ml_quantiles,q$cp_quantiles);
xmax=max (q$ml_quantiles,g$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”, xlim=c(xmin,xmax),
sub="(from gcauchy_cp)",

main="Cauchy: quantile estimates"”);
points(g$cp_quantiles,p,col="red"”,lwd=2)
points(g$ru_quantiles,p,col="blue")
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cauchy_f1f DMGS equation 3.3, fl term

Description

DMGS equation 3.3, f1 term

Usage
cauchy_f1f(y, v1, di1, v2, fd2)

Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
Matrix
cauchy_f1fa The first derivative of the density
Description

The first derivative of the density

Usage

cauchy_f1fa(x, v1, v2)

Arguments
X a vector of training data values
v first parameter
v2 second parameter

Value

Vector
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cauchy_f2f DMGS equation 3.3, f2 term

Description

DMGS equation 3.3, f2 term

Usage
cauchy_f2f(y, v1, di1, v2, fd2)

Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
3d array
cauchy_f2fa The second derivative of the density
Description

The second derivative of the density

Usage

cauchy_f2fa(x, v1, v2)

Arguments
X a vector of training data values
v first parameter
v2 second parameter

Value

Matrix
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cauchy_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description
First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
cauchy_fd(x, v1, v2)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
Value
Vector
cauchy_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol
Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
cauchy_fdd(x, v1, v2)

Arguments
X a vector of training data values
v first parameter
v2 second parameter

Value

Matrix
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cauchy_ldd Second derivative matrix of the normalized log-likelihood

Description

Second derivative matrix of the normalized log-likelihood

Usage
cauchy_ldd(x, v1, d1, v2, fd2)

Arguments
X a vector of training data values
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value

Square scalar matrix

cauchy_ldda The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage
cauchy_ldda(x, v1, v2)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter

Value

Matrix
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cauchy_lddd Third derivative tensor of the normalized log-likelihood

Description

Third derivative tensor of the normalized log-likelihood

Usage
cauchy_lddd(x, v1, di1, v2, fd2)

Arguments
X a vector of training data values
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
Cubic scalar array
cauchy_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage
cauchy_lddda(x, v1, v2)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter

Value

3d array
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cauchy_lmn

One component of the second derivative of the normalized log-
likelihood

Description

One component of the second derivative of the normalized log-likelihood

Usage

cauchy_lmn(x, v1, d1, v2, fd2, mm, nn)

Arguments

X
v
di
v2
fd2

mm

nn

Value

Scalar value

a vector of training data values

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

an index for which derivative to calculate

an index for which derivative to calculate

cauchy_1lmnp

One component of the third derivative of the normalized log-likelihood

Description

One component of the third derivative of the normalized log-likelihood

Usage

cauchy_lmnp(x, v1, d1, v2, fd2, mm, nn, rr)
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Arguments
X a vector of training data values
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
mm an index for which derivative to calculate
nn an index for which derivative to calculate
rr an index for which derivative to calculate
Value
Scalar value
cauchy_logf Logf for RUST

Description

Logf for RUST

Usage

cauchy_logf(params, x)

Arguments
params model parameters for calculating logf
X a vector of training data values

Value

Scalar value.
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cauchy_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
cauchy_logfdd(x, v1, v2)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
Value
Matrix
cauchy_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol
Description

Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
cauchy_logfddd(x, v1, v2)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter

Value

3d array
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cauchy_loglik

log-likelihood function

Description

log-likelihood function

Usage

cauchy_loglik(vv, x)

Arguments

Vv

X

Value

Scalar value.

parameters

a vector of training data values

cauchy_logscores

Log scores for MLE and RHP predictions calculated using leave-one-
out

Description

Log scores for MLE and RHP predictions calculated using leave-one-out

Usage

cauchy_logscores(logscores, x, dl = 0.01, fd2 = 0.01, aderivs = TRUE)

Arguments

logscores

X
d1
fd2

aderivs

Value

Two scalars

logical that indicates whether to return leave-one-out estimates estimates of the
log-score (much longer runtime)

a vector of training data values
the delta used in the numerical derivatives with respect to the parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

logical for whether to use analytic derivatives (instead of numerical)
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cauchy_mulf

DMGS equation 3.3, mul term

Description

DMGS equation 3.3, mul term

Usage

cauchy_mulf(alpha, v1, di1, v2, fd2)

Arguments

alpha
v

di

v2
fd2

Value

Matrix

a vector of values of alpha (one minus probability)

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

cauchy_mu2f

DMGS equation 3.3, mu2 term

Description

DMGS equation 3.3, mu2 term

Usage

cauchy_mu2f(alpha, v1, d1, v2, fd2)

Arguments
alpha
2l
di
v2
fd2

a vector of values of alpha (one minus probability)

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter
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Value

3d array

cauchy_p1f DMGS equation 3.3, pl term

Description

DMGS equation 3.3, p1 term

Usage
cauchy_p1f(y, v1, di1, v2, fd2)

Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
Matrix
cauchy_p1_cp Cauchy Distribution with a Predictor, Predictions Based on a Cali-
brating Prior
Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model ***x the five
functions are as follows:

» g#*x*_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.
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e rxx%xx_cp returns n random deviates from the predictive distribution.
o dxx*xx_cp returns the predictive density function at the specified values y

* p**xx%_cp returns the predictive distribution function at the specified values y

cauchy_pl_cp

o txx*xx_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-
rithm.

Usage

gcauchy_p1_cp(

)

X,
t,

t0 = NA,

nd = NA,

p = seq(@0.1, 0.9, 0.1),
dl = 0.01,

d2 = 9.01,

fd3 = 0.01,

means = FALSE,

waicscores = FALSE,
logscores = FALSE,

dmgs = TRUE,
rust = FALSE,
nrust = le+05,

predictordata = TRUE,
centering = TRUE,

debug = FALSE,
aderivs = TRUE

rcauchy_p1_cp(

n,

X,

t,

t0 = NA,

nd = NA,

dl = 9.01,

d2 = 0.01,
fd3 = 0.01,
rust = FALSE,
mlcp = TRUE,

debug = FALSE,
aderivs = TRUE
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)

dc

)

pcC

auchy_p1_cp(
X,

t,

t0 = NA,

nd = NA,

y =X,

dl = 0.01,

d2 = 9.01,
fd3 = 0.01,
rust = FALSE,
nrust = 1000,

centering = TRUE,
debug = FALSE,
aderivs = TRUE

auchy_p1_cp(
X,

t,

t0 = NA,

nd = NA,

y =X,

dl = 0.01,

d2 = 0.01,
fd3 = 0.01,
rust = FALSE,
nrust = 1000,

centering = TRUE,
debug = FALSE,
aderivs = TRUE

)

tcauchy_pl_cp(n, x, t, d1 = 0.01, d2 = 0.01, fd3 = 0.01, debug = FALSE)
Arguments

X a vector of training data values

t a vector of predictors, such that length(t)=1length(x)

to a single value of the predictor (specify either t@ or n@ but not both)

no an index for the predictor (specify either t@ or n@ but not both)

p a vector of probabilities at which to generate predictive quantiles

di if aderivs=FALSE, the delta used for numerical derivatives with respect to the

first parameter
d2 if aderivs=FALSE, the delta used for numerical derivatives with respect to the

second parameter
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fd3

means

waicscores

logscores

dmgs

rust

nrust
predictordata
centering
debug

aderivs

mlcp

Value

cauchy_pl_cp

if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the third parameter

logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)

logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC?2 scores (longer runtime)

logical that indicates whether to run additional calculations and return leave-
one-out estimates of the log-score (much longer runtime, non-EVT models only)

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical that indicates whether predictordata should be calculated
logical that indicates whether the predictor should be centered
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

g*x** returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.

* cp_quantiles: predictive quantiles calculated using a calibrating prior.

e maic: the AIC score for the maximum likelihood model, times -1/2.

e cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, qx*x* additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

e adjustedx: the detrended values of x

rx*x* returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
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* ml_deviates: random deviates calculated using maximum likelihood.
* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.
dx**x* returns a list containing the following:

e ml_params: maximum likelihood estimates for the parameters.
* ml_pdf: density function from maximum likelihood.

» cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_cdf: distribution function from maximum likelihood.

» cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
t**x* returns a list containing the following:
* theta_samples: random samples from the parameter posterior.

Details of the Model

The Cauchy distribution with a predictor has probability density function

oo (222

where x is the random variable, u = a + bt is the location parameter as a function of parameters
a, b, and o > 0 is the scale parameter.

-1

The calibrating prior is given by the right Haar prior, which is

(o) .

as given in Jewson et al. (2025).

Optional Return Values

g**** optionally returns the following:
If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.
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If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.
* waic2: the WAIC2 score for the calibrating prior model.

If logscores=TRUE:

* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)
* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)
If means=TRUE:

* ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible
* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
r*x*x optionally returns the following:
If rust=TRUE:
* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.
d*x*x optionally returns the following:
If rust=TRUE:
* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.
p**** optionally returns the following:
If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.

Details (homogeneous models)

This model is a homogeneous model, and the cp results are based on the right Haar prior. For
homogeneous models (models with sharply transitive transformation groups), a Bayesian prediction
based on the right Haar prior gives exact reliability, as shown by Severini et al. (2002), even when
the true parameters are unknown. This means that probabilities in the prediction will correspond to
frequencies of future outcomes in repeated trials (if the model is correct).

Maximum likelihood prediction does not give reliable predictions, even when the model is correct,
because it does not account for parameter uncertainty. In particular, maximum likelihood predic-
tions typically underestimate the tail in repeated trials.

The reliability of the maximum likelihood and the calibrating prior predictive quantiles produced by
the g****_cp routines in fitdistcp can be quantified using repeated simulations with the routine
reltest.
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Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

* Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.

See Also

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

* Cauchy (cauchy),

* Cauchy with linear predictor on the mean (cauchy_p1),

» Exponential (exp),

* Exponential with log-linear predictor on the scale (exp_p1),

* Frechet with known location parameter (frechet_k1),

* Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
¢ Gamma (gamma),

¢ Generalized normal (gnorm),


https://ascmo.copernicus.org/articles/11/1/2025/
https://ascmo.copernicus.org/articles/11/1/2025/
http://www.fitdistcp.info/index.html
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¢ GEV (gev),
* GEV with linear predictor on the location (gev_p1),
* GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

* GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

* GEV with linear predictor on the location and known shape (gev_p1k3),
* GEV with known shape (gev_k3),

¢ GPD with known location (gpd_k1),

¢ Gumbel (gumbel),

* Gumbel with linear predictor on the mean(gumbel_p1),

* Half-normal (halfnorm),

* Inverse gamma (invgamma),

* Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

* Logistic (logis),
* Logistic with linear predictor on the location (logis_p1),
* Log-normal (1norm),
* Log-normal with linear predictor on the location (1norm_p1),
e Normal (norm),
* Normal with linear predictor on the mean (norm_p1),
¢ Pareto with known scale (pareto_k2),
 Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
¢ Uniform (unif),
e Weibull (weibull),
* Weibull with linear predictor on the scale (weibull_p?2),
The level of predictive probability matching achieved by the maximum likelihood and calibrating

prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,

Examples

#

# example 1
x=fitdistcp::d64cauchy_p1_example_data_v1_x
tt=fitdistcp::d64cauchy_p1_example_data_v1_t
p=c(1:9)/10

no=10
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g=qcauchy_p1_cp(x, tt,n0=n0@,p=p,rust=TRUE,nrust=1000)
xmin=min(g$ml_quantiles,g$cp_quantiles);
xmax=max(q$ml_quantiles,q$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”,xlim=c(xmin,xmax),
sub="(from qcauchy_p1_cp)",

main="Cauchy w/ pl1: quantile estimates”);
points(g$cp_quantiles,p,col="red"”, lwd=2)
points(g$ru_quantiles,p,col="blue")

cauchy_p1_f1f DMGS equation 2.1, fI term

Description

DMGS equation 2.1, f1 term

Usage

cauchy_p1_f1f(y, te, v1, di1, v2, d2, v3, fd3)

Arguments
y a vector of values at which to calculate the density and distribution functions
to a single value of the predictor (specify either t@ or n@ but not both)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value

Matrix
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cauchy_p1_f1ifa The first derivative of the density

Description

The first derivative of the density

Usage

cauchy_p1_fi1fa(x, t, v1, v2, v3)

Arguments

X a vector of training data values

a vector or matrix of predictors

v first parameter

v2 second parameter

v3 third parameter
Value

Vector

cauchy_p1_f2f DMGS equation 2.1, f2 term

Description

DMGS equation 2.1, f2 term

Usage
cauchy_p1_f2f(y, te, vi1, di1, v2, d2, v3, fd3)

Arguments
y a vector of values at which to calculate the density and distribution functions
to a single value of the predictor (specify either t@ or n@ but not both)
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-

eter
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Value

3d array

cauchy_p1_f2fa The second derivative of the density

Description

The second derivative of the density

Usage

cauchy_p1_f2fa(x, t, v1, v2, v3)

Arguments

X a vector of training data values

t a vector or matrix of predictors

vi first parameter

v2 second parameter

v3 third parameter
Value

Matrix

cauchy_p1_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description

First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
cauchy_p1_fd(x, t, v1, v2, v3)

Arguments
X a vector of training data values
a vector or matrix of predictors
v first parameter
v2 second parameter

v3 third parameter
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Value
Vector
cauchy_p1_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol
Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

cauchy_p1_fdd(x, t, v1, v2, v3)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vi first parameter
v2 second parameter
v3 third parameter
Value
Matrix
Matrix
cauchy_p1_1dd Second derivative matrix of the normalized log-likelihood
Description

Second derivative matrix of the normalized log-likelihood

Usage

cauchy_p1_ldd(x, t, v1, d1, v2, d2, v3, fd3)
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Arguments

X

t
v
di
v2
d2
v3
fd3

Value

57

a vector of training data values

a vector or matrix of predictors

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

Square scalar matrix

cauchy_p1_ldda

The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage

cauchy_p1_ldda(x, t, v1, v2, v3)

Arguments

X
t
v
v2
v3

Value

Matrix

a vector of training data values
a vector or matrix of predictors
first parameter

second parameter

third parameter
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cauchy_p1_1ddd Third derivative tensor of the normalized log-likelihood

Description

Third derivative tensor of the normalized log-likelihood

Usage
cauchy_p1_lddd(x, t, v1, d1, v2, d2, v3, fd3)

Arguments
X a vector of training data values
a vector or matrix of predictors
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value

Cubic scalar array

cauchy_p1_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage

cauchy_p1_lddda(x, t, v1, v2, v3)

Arguments
X a vector of training data values
a vector or matrix of predictors
v first parameter
v2 second parameter

v3 third parameter
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Value
3d array
cauchy_p1_Imn One component of the second derivative of the normalized log-
likelihood
Description

One component of the second derivative of the normalized log-likelihood

Usage

cauchy_p1_Imn(x, t, v1, d1, v2, d2, v3, fd3, mm, nn)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
mm an index for which derivative to calculate
nn an index for which derivative to calculate
Value

Scalar value
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cauchy_p1_Imnp

One component of the second derivative of the normalized log-
likelihood

Description

One component of the second derivative of the normalized log-likelihood

Usage

cauchy_p1_lmnp(x, t, v1, d1, v2, d2, v3, fd3, mm, nn, rr)

Arguments

X
t
v
di
v2
d2
v3
fd3

mm
nn

rr

Value

Scalar value

a vector of training data values

a vector or matrix of predictors

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

an index for which derivative to calculate
an index for which derivative to calculate

an index for which derivative to calculate

cauchy_p1_logf

Logf for RUST

Description

Logf for RUST

Usage

cauchy_p1_logf(params, x, t)
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Arguments
params model parameters for calculating logf
X a vector of training data values
t a vector or matrix of predictors

Value

Scalar value.

cauchy_p1_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description

Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

cauchy_p1_logfdd(x, t, v1, v2, v3)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
v2 second parameter
v3 third parameter

Value

Matrix
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cauchy_p1_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
cauchy_p1_logfddd(x, t, v1, v2, v3)

Arguments

X a vector of training data values

a vector or matrix of predictors

v first parameter

v2 second parameter

v3 third parameter
Value

3d array

cauchy_p1_loglik Cauchy-with-pl observed log-likelihood function

Description

Cauchy-with-p1 observed log-likelihood function

Usage
cauchy_p1_loglik(vv, x, t)

Arguments
Y parameters
X a vector of training data values
t a vector or matrix of predictors
Value

Scalar value.
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cauchy_p1_logscores Log scores for MLE and RHP predictions calculated using leave-one-
out

Description

Log scores for MLE and RHP predictions calculated using leave-one-out

Usage

cauchy_p1_logscores(logscores, x, t, d1, d2, fd3, aderivs = TRUE)

Arguments
logscores logical that indicates whether to return leave-one-out estimates estimates of the
log-score (much longer runtime)
X a vector of training data values
t a vector or matrix of predictors
di the delta used in the numerical derivatives with respect to the parameter
d2 the delta used in the numerical derivatives with respect to the parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value
Two scalars
cauchy_p1_means Cauchy distribution: RHP mean

Description

Cauchy distribution: RHP mean

Usage

cauchy_p1_means(t@, ml_params, lddi, lddd, lambdad_rhp, nx, dim = 2)
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Arguments
to
ml_params
1ddi
1ddd
lambdad_rhp
nx

dim

Value

Two scalars

cauchy_pl_mulf

a single value of the predictor (specify either t@ or n@ but not both)
parameters

inverse observed information matrix

third derivative of log-likelihood

derivative of the log RHP prior

length of training data

number of parameters

cauchy_p1_mulf

DMGS equation 3.3, mul term

Description

DMGS equation 3.3, mul term

Usage

cauchy_p1_mulf(alpha, te, vi1, di1, v2, d2, v3, fd3)

Arguments

alpha
to

2

di

v2

d2

v3
fd3

Value

Matrix

a vector of values of alpha (one minus probability)

a single value of the predictor (specify either t@ or n@ but not both)
first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter
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cauchy_p1_mu2f DMGS equation 3.3, mu2 term

Description

DMGS equation 3.3, mu?2 term

Usage

cauchy_p1_mu2f(alpha, to, vi1, di1, v2, d2, v3, fd3)

Arguments
alpha a vector of values of alpha (one minus probability)
to a single value of the predictor (specify either t@ or n@ but not both)
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
3d array
cauchy_p1_p1f DMGS equation 2.1, pl term
Description

DMGS equation 2.1, p1 term

Usage

cauchy_p1_p1f(y, te, vi1, di1, v2, d2, v3, fd3)
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Arguments

y
to

v
di
v2
d2
v3
fd3

Value

Matrix

cauchy_pl_p2f

a vector of values at which to calculate the density and distribution functions
a single value of the predictor (specify either t@ or n@ but not both)

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

cauchy_p1_p2f

DMGS equation 2.1, p2 term

Description

DMGS equation 2.1, p2 term

Usage

cauchy_p1_p2f(y, to, vi1, di1, v2, d2, v3, fd3)

Arguments

y
to
v
di
v2
d2
v3
fd3

Value

3d array

a vector of values at which to calculate the density and distribution functions
a single value of the predictor (specify either t@ or n@ but not both)

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter
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cauchy_p1_predictordata
Predicted Parameter and Generalized Residuals

Description

Predicted Parameter and Generalized Residuals

Usage

cauchy_p1_predictordata(predictordata, x, t, t@, params)

Arguments

predictordata logical that indicates whether to calculate and return predictordata

X a vector of training data values
t a vector or matrix of predictors
t0 a single value of the predictor (specify either t@ or n@ but not both)
params model parameters for calculating logf
Value

Two vectors

cauchy_p1_waic Waic

Description

Waic

Usage

cauchy_p1_waic(
waicscores,

v3hat,
fds,
lddi,
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lddd,
lambdad,
aderivs

Arguments

waicscores

X
t
vlhat
d1
v2hat
d2
v3hat
fd3

lddi
lddd
lambdad
aderivs

Value

cauchy_p2f

logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)

a vector of training data values

a vector or matrix of predictors

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

inverse observed information matrix
third derivative of log-likelihood
derivative of the log prior

logical for whether to use analytic derivatives (instead of numerical)

Two numeric values.

cauchy_p2f

DMGS equation 3.3, p2 term

Description

DMGS equation 3.3, p2 term

Usage

cauchy_p2f(y, v1, di1, v2, fd2)

Arguments

y
v

d1
v2
fd2

a vector of values at which to calculate the density and distribution functions
first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter
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Value

3d array
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cauchy_waic

Waic

Description

Waic

Usage

cauchy_waic(waicscores, x, vlhat, d1, v2hat, fd2, 1ddi, lddd, lambdad, aderivs)

Arguments

waicscores

vlhat
d1
v2hat

fd2

lddi
1ddd
lambdad

aderivs

Value

logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)

a vector of training data values

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

inverse observed information matrix
third derivative of log-likelihood
derivative of the log prior

logical for whether to use analytic derivatives (instead of numerical)

Two numeric values.
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crhpflat_dmgs_cpmethod
Generates a comment about the method

Description

Generates a comment about the method

Usage
crhpflat_dmgs_cpmethod()

Value

String

d100gamma_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d101invgamma_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d102invgauss_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package
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d105burr_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d10exp_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d110gev_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d11pareto_k2_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d120gpd_k1_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package
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d150gev_p1_example_data_vi_t
This is data to be included in my package

Description

This is data to be included in my package

d150gev_p1_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package

d151gev_p12_example_data_vi_t
This is data to be included in my package

Description

This is data to be included in my package

d151gev_p12_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package

d152gev_p123_example_data_v1_t
This is data to be included in my package

Description

This is data to be included in my package
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d152gev_p123_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package

d20halfnorm_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d25unif_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d3@norm_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d31norm_dmgs_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package
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d41ist_k3_example_data_vl

d32gnorm_k3_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d351lnorm_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d361lnorm_dmgs_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d40logis_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d411st_k3_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package
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d42cauchy_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d50gumbel_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d51frechet_k1_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d52weibull_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package

d53gev_k3_example_data_v1
This is data to be included in my package

Description

This is data to be included in my package
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d55exp_p1_example_data_vi1_t
This is data to be included in my package

Description

This is data to be included in my package

d55exp_p1_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package

d56pareto_p1k2_example_data_vi_t
This is data to be included in my package

Description

This is data to be included in my package

d56pareto_p1k2_example_data_vi1_x
This is data to be included in my package

Description

This is data to be included in my package

d6onorm_p1_example_data_vi_t
This is data to be included in my package

Description

This is data to be included in my package
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d6onorm_p1_example_data_vi1_x
This is data to be included in my package

Description

This is data to be included in my package

d611lnorm_p1_example_data_v1_t
This is data to be included in my package

Description

This is data to be included in my package

d611lnorm_p1_example_data_vi1_x
This is data to be included in my package

Description

This is data to be included in my package

d62logis_p1_example_data_vi_t
This is data to be included in my package

Description

This is data to be included in my package

d62logis_p1_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package
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d631st_plk3_example_data_vi1_t
This is data to be included in my package

Description

This is data to be included in my package

d631st_plk3_example_data_vi1_x
This is data to be included in my package

Description

This is data to be included in my package

d64cauchy_p1_example_data_v1_t
This is data to be included in my package

Description

This is data to be included in my package

d64cauchy_p1_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package

d70gumbel_p1_example_data_v1_t
This is data to be included in my package

Description

This is data to be included in my package
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d70gumbel_p1_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package

d71frechet_p2kl_example_data_vi_t
This is data to be included in my package

Description

This is data to be included in my package

d71frechet_p2k1_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package

d72weibull_p1_example_data_vi1_t
This is data to be included in my package

Description

This is data to be included in my package

d72weibull_p1_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package
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d73weibull_p2_example_data_vi_t
This is data to be included in my package

Description

This is data to be included in my package

d73weibull_p2_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package

d74gev_p1k3_example_data_vi_t
This is data to be included in my package

Description

This is data to be included in my package

d74gev_p1k3_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package

d8@norm_p12_example_data_vi1_t1
This is data to be included in my package

Description

This is data to be included in my package
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d80norm_p12_example_data_v1_t2
This is data to be included in my package

Description

This is data to be included in my package

d8@norm_p12_example_data_vi1_x
This is data to be included in my package

Description

This is data to be included in my package

d811st_p12k3_example_data_vi1_t1
This is data to be included in my package

Description

This is data to be included in my package

d811st_p12k3_example_data_v1_t2
This is data to be included in my package

Description

This is data to be included in my package

d811st_p12k3_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package
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d82weibull_p12_example_data_v1_t1
This is data to be included in my package

Description

This is data to be included in my package

d82weibull_p12_example_data_v1_t2
This is data to be included in my package

Description

This is data to be included in my package

d82weibull_p12_example_data_v1_x
This is data to be included in my package

Description

This is data to be included in my package

dcauchysub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage
dcauchysub(x, y, d1 = 0.01, fd2 = 0.01, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
di the delta used in the numerical derivatives with respect to the parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-

eter

aderivs logical for whether to use analytic derivatives (instead of numerical)
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Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dcauchy_p1 Cauchy-with-pl density function

Description

Cauchy-with-p1 density function

Usage

dcauchy_p1(x, t@, ymn, slope, scale, log = FALSE)

Arguments
X a vector of training data values
to a single value of the predictor (specify either t@ or n@ but not both)
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
scale the scale parameter of the distribution
log logical for the density evaluation
Value
Vector
dcauchy_p1sub Densities from MLE and RHP
Description

Densities from MLE and RHP

Usage

dcauchy_pisub(x, t, y, t@, di1, d2, fd3, aderivs = TRUE)
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Arguments
X a vector of training data values
t a vector or matrix of predictors
y a vector of values at which to calculate the density and distribution functions
t0 a single value of the predictor (specify either t@ or n@ but not both)
di the delta used in the numerical derivatives with respect to the parameter
d2 the delta used in the numerical derivatives with respect to the parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

deriv_copyfdd Extract the results from derivatives and put them into f2

Description

Extract the results from derivatives and put them into {2

Usage

deriv_copyfdd(temp1, nx, dim)

Arguments
templ output from derivative calculations
nx number of x values
dim number of parameters

Value

3d array
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deriv_copyld?2 Extract the results from derivatives and put them into ldd

Description

Extract the results from derivatives and put them into 1dd

Usage

deriv_copyld2(temp1, nx, dim)

Arguments

templ output from derivative calculations

nx number of x values

dim number of parameters
Value

3d array

deriv_copyldd Extract the results from derivatives and put them into ldd

Description

Extract the results from derivatives and put them into 1dd

Usage

deriv_copyldd(temp1, nx, dim)

Arguments
temp1 output from derivative calculations
nx number of x values
dim number of parameters

Value

Matrix
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deriv_copylddd Extract the results from derivatives and put them into lddd
Description
Extract the results from derivatives and put them into 1ddd
Usage
deriv_copylddd(temp1, nx, dim)
Arguments
temp1 output from derivative calculations
nx number of x values
dim number of parameters
Value
3d array
dexpsub Densities from MLE and RHP
Description
Densities from MLE and RHP
Usage
dexpsub(x, y, aderivs = TRUE)
Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors
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dexp_p1

Exponential-with-p1 density function

Description

Exponential-with-p1 density function

Usage

dexp_p1(x, t@, ymn, slope, log = FALSE)

Arguments
X a vector of training data values
to a single value of the predictor (specify either t@ or n@ but not both)
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
log logical for the density evaluation
Value
Vector
dexp_p1sub Densities from MLE and RHP
Description

Densities from MLE and RHP

Usage

dexp_plsub(x, t, y, t0, d1, d2, aderivs = TRUE)

Arguments

X
t
y
to
di
d2

aderivs

a vector of training data values

a vector or matrix of predictors

a vector of values at which to calculate the density and distribution functions
a single value of the predictor (specify either t@ or n@ but not both)

the delta used in the numerical derivatives with respect to the parameter

the delta used in the numerical derivatives with respect to the parameter

logical for whether to use analytic derivatives (instead of numerical)
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Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dfrechetsub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage

dfrechetsub(x, y, kloc, fdl = 0.01, fd2 = 0.01, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
kloc the known location parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dfrechet_p2ki Frechet_kl-with-p2 density function

Description

Frechet_k1-with-p2 density function

Usage

dfrechet_p2k1(x, t@, ymn, slope, lambda, log = FALSE, kloc)
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Arguments
X a vector of training data values
t0 a single value of the predictor (specify either t@ or n@ but not both)
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
lambda the lambda parameter of the distribution
log logical for the density evaluation
kloc the known location parameter
Value
Vector
dfrechet_p2k1sub Densities from MLE and RHP
Description

Densities from MLE and RHP

Usage
dfrechet_p2klsub(x, t, y, to, d1, d2, fd3, kloc, aderivs = TRUE)

Arguments
X a vector of training data values
t a vector or matrix of predictors
y a vector of values at which to calculate the density and distribution functions
t0 a single value of the predictor (specify either t@ or n@ but not both)
di the delta used in the numerical derivatives with respect to the parameter
d2 the delta used in the numerical derivatives with respect to the parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kloc the known location parameter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors
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dgammasub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage

dgammasub(x, y, fdl = 0.01, fd2 = .01, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dgevsub Densities for 5 predictions

Description

Densities for 5 predictions

Usage

dgevsub(
X,
Y,
ics,
dl = 9.01,
fd2 = 0.01,
d3 = 0.01,
customprior,
minxi,
maxxi,
extramodels = FALSE,
aderivs = TRUE
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Arguments

X
y
ics
di
fd2

d3
customprior
minxi

maxxi
extramodels

aderivs

Value

91

a vector of training data values

a vector of values at which to calculate the density and distribution functions
initial conditions for the maximum likelihood search

the delta used in the numerical derivatives with respect to the parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the delta used in the numerical derivatives with respect to the parameter
a custom value for the slope of the log prior at the maxlik estimate
minimum value of shape parameter xi

maximum value of shape parameter xi

logical that indicates whether to add three additional prediction models

logical for whether to use analytic derivatives (instead of numerical)

A vector of parameter estimates, two pdf vectors, two cdf vectors

dgev_k3sub

Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage

dgev_k3sub(x, y, d1 = 0.01, fd2 = 0.01, kshape, aderivs = TRUE)

Arguments

X

y
di
fd2

kshape

aderivs

Value

a vector of training data values
a vector of values at which to calculate the density and distribution functions
the delta used in the numerical derivatives with respect to the parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known shape parameter

logical for whether to use analytic derivatives (instead of numerical)

A vector of parameter estimates, two pdf vectors, two cdf vectors
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dgev_p1 GEVD-with-pl: Density function

Description

GEVD-with-p1: Density function

Usage

dgev_pl1(x, t@, ymn, slope, sigma, xi, log = FALSE)

Arguments
X a vector of training data values
t0 a single value of the predictor (specify either t@ or n@ but not both)
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
sigma the sigma parameter of the distribution
xi the shape parameter of the distribution
log logical for the density evaluation
Value
Vector
dgev_p12 GEVD-with-pl: Density function
Description

GEVD-with-p1: Density function

Usage

dgev_pl12(x, t1, t2, ymn, slope, sigmal, sigma2, xi, log = FALSE)
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Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
sigmail first coefficient for the sigma parameter of the distribution
sigma2 second coefficient for the sigma parameter of the distribution
xi the shape parameter of the distribution
log logical for the density evaluation
Value
Vector
dgev_p123 GEVD-with-pl: Density function
Description

GEVD-with-p1: Density function

Usage

dgev_p123(x, t1, t2, t3, ymn, slope, sigmal, sigma2, xil, xi2, log = FALSE)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
t3 a vector of predictors for the shape
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
sigmail first coefficient for the sigma parameter of the distribution
sigma2 second coefficient for the sigma parameter of the distribution
xil first coefficient for the shape parameter of the distribution
xi2 second coefficient for the shape parameter of the distribution
log logical for the density evaluation

Value

Vector
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dgev_p123sub

Densities for 5 predictions

Description

Densities for 5 predictions

Usage
dgev_p123sub(
X ’
t1,
t2,
t3,
Y,
to1,
t02,
t03,
ics,
d1 = 0.01,
d2 = 0.01,
d3 = 0.01,
d4 = 0.01,
d5 = 0.01,
dé = 0.01,
extramodels,
debug,
aderivs = TRUE
)
Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
t3 a vector of predictors for the shape
y a vector of values at which to calculate the density and distribution functions
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
t03 a single value of the predictor (specify either t@3 or n@3 but not both)
ics initial conditions for the maximum likelihood search
di the delta used in the numerical derivatives with respect to the parameter
d2 the delta used in the numerical derivatives with respect to the parameter
d3

the delta used in the numerical derivatives with respect to the parameter
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d4 the delta used in the numerical derivatives with respect to the parameter

d5 the delta used in the numerical derivatives with respect to the parameter

dé the delta used in the numerical derivatives with respect to the parameter

extramodels logical that indicates whether to add three additional prediction models

debug debug flag

aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dgev_p12sub Densities for 5 predictions

Description

Densities for 5 predictions

Usage

dgev_p12sub(
X!
t1,
t2,
Y,
to1,
t02,
ics,
dl = 0.01,
d2 0.01,
d3 = 0.01,
d4 = 0.01,
d5 = 0.01,
minxi,
maxxi,
debug,
extramodels = FALSE,
aderivs = TRUE

)
Arguments
X a vector of training data values
t1 a vector of predictors for the mean

t2 a vector of predictors for the sd



96

t01
t02
ics
d1

d2

d3

d4

d5
minxi
maxxi
debug
extramodels

aderivs

Value

dgev_plk3

a vector of values at which to calculate the density and distribution functions
a single value of the predictor (specify either t@1 or n@1 but not both)

a single value of the predictor (specify either t@2 or n@2 but not both)
initial conditions for the maximum likelihood search

the delta used in the numerical derivatives with respect to the parameter
the delta used in the numerical derivatives with respect to the parameter
the delta used in the numerical derivatives with respect to the parameter
the delta used in the numerical derivatives with respect to the parameter
the delta used in the numerical derivatives with respect to the parameter
minimum value of shape parameter xi

maximum value of shape parameter xi

debug flag

logical that indicates whether to add three additional prediction models

logical for whether to use analytic derivatives (instead of numerical)

A vector of parameter estimates, two pdf vectors, two cdf vectors

dgev_p1k3

GEV-with-known-shape-with-p1 density function

Description

GEV-with-known-shape-with-p1 density function

Usage

dgev_plk3(x, t@, ymn, slope, sigma, log = FALSE, kshape)

Arguments

X
to

ymn
slope
sigma
log
kshape

Value

Vector

a vector of training data values

a single value of the predictor (specify either t@ or n@ but not both)
the location parameter of the function of the predictor

the slope of the function of the predictor

the sigma parameter of the distribution

logical for the density evaluation

the known shape parameter
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dgev_plk3sub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage

dgev_plk3sub(x, t, y, to, di1, d2, fd3, kshape, aderivs = TRUE)

Arguments
X a vector of training data values
t a vector or matrix of predictors
y a vector of values at which to calculate the density and distribution functions
to a single value of the predictor (specify either t@ or n@ but not both)
di the delta used in the numerical derivatives with respect to the parameter
d2 the delta used in the numerical derivatives with respect to the parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dgev_plsub Densities for 5 predictions

Description

Densities for 5 predictions
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Usage

dgev_plsub(
X!
t,
Y,
to,
ics,
dl = 0.01,
d2 = 0.01,
fd3 = 0.01,
d4 = 0.01,
minxi,
maxxi,
extramodels =

dgev_plsub

FALSE,

aderivs = TRUE

Arguments

t0
ics
d1
d2
fd3

d4

minxi

maxxi
extramodels

aderivs

Value

a vector of training data values

a vector or matrix of predictors

a vector of values at which to calculate the density and distribution functions
a single value of the predictor (specify either t@ or n@ but not both)

initial conditions for the maximum likelihood search

the delta used in the numerical derivatives with respect to the parameter

the delta used in the numerical derivatives with respect to the parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the delta used in the numerical derivatives with respect to the parameter
minimum value of shape parameter xi
maximum value of shape parameter xi
logical that indicates whether to add three additional prediction models

logical for whether to use analytic derivatives (instead of numerical)

A vector of parameter estimates, two pdf vectors, two cdf vectors
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dgnorm_k3sub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage
dgnorm_k3sub(x, y, d1 = 0.01, fd2 = 0.01, kbeta, aderivs = TRUE)

Arguments
a vector of training data values
y a vector of values at which to calculate the density and distribution functions
di the delta used in the numerical derivatives with respect to the parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kbeta the known beta parameter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dgpdsub Densities for 5 predictions

Description

Densities for 5 predictions

Usage

dgpdsub(
X,
Y,
ics,
fd1 = 0.01,
d2 = 1,
kloc ,
dlogpi
minxi,
maxxi,
extramodels = FALSE,
aderivs = TRUE

N o

.0
0
= @)
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Arguments
X
y
ics
fdi

d2

kloc

dlogpi
minxi

maxxi
extramodels

aderivs

Value

dgumbelsub

a vector of training data values
a vector of values at which to calculate the density and distribution functions
initial conditions for the maximum likelihood search

the fractional delta used in the numerical derivatives with respect to the param-
eter

the delta used in the numerical derivatives with respect to the parameter
the known location parameter

gradient of the log prior

minimum value of shape parameter xi

maximum value of shape parameter xi

logical that indicates whether to add three additional prediction models

logical for whether to use analytic derivatives (instead of numerical)

A vector of parameter estimates, two pdf vectors, two cdf vectors

dgumbelsub

Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage

dgumbelsub(x, y, d1 = .01, fd2 = 0.01, aderivs = TRUE)

Arguments

X

y
di
fd2

aderivs

Value

a vector of training data values
a vector of values at which to calculate the density and distribution functions
the delta used in the numerical derivatives with respect to the parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

logical for whether to use analytic derivatives (instead of numerical)

A vector of parameter estimates, two pdf vectors, two cdf vectors
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dgumbel_p1 Gumbel-with-p1 density function

Description

Gumbel-with-p1 density function

Usage
dgumbel_p1(x, t@, ymn, slope, sigma, log = FALSE)

Arguments
X a vector of training data values
to a single value of the predictor (specify either t@ or n@ but not both)
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
sigma the sigma parameter of the distribution
log logical for the density evaluation
Value
Vector
dgumbel_p1sub Densities from MLE and RHP
Description

Densities from MLE and RHP

Usage
dgumbel_pisub(x, t, y, t@, di1, d2, fd3, aderivs = TRUE)

Arguments
a vector of training data values
a vector or matrix of predictors
y a vector of values at which to calculate the density and distribution functions
to a single value of the predictor (specify either t@ or n@ but not both)
di the delta used in the numerical derivatives with respect to the parameter
d2 the delta used in the numerical derivatives with respect to the parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-

eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
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Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dhalfnormsub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage
dhalfnormsub(x, y, fdl = 0.01, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dinvgammasub Densities from MLE and cp

Description

Densities from MLE and cp

Usage

dinvgammasub(x, y, fdl = 0.01, fd2 = 0.01, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter

aderivs logical for whether to use analytic derivatives (instead of numerical)
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Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dinvgausssub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage
dinvgausssub(x, y, prior, fdl = .01, fd2 = 0.01, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
prior logical indicating which prior to use
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dlnormsub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage
dlnormsub(x, y, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions

aderivs logical for whether to use analytic derivatives (instead of numerical)
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Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dlnorm_dmgssub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage
dlnorm_dmgssub(x, y, dl = 0.01, fd2 = 0.01, aderivs = TRUE)

Arguments
a vector of training data values
y a vector of values at which to calculate the density and distribution functions
di the delta used in the numerical derivatives with respect to the parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dlnorm_p1 Normal-with-p1 density function

Description

Normal-with-p1 density function

Usage
dlnorm_p1(x, t@, ymn, slope, sigma, log = FALSE)

Arguments
X a vector of training data values
to a single value of the predictor (specify either t@ or n@ but not both)
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
sigma the sigma parameter of the distribution

log logical for the density evaluation
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Value

Vector

dlnorm_p1sub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage

dlnorm_plsub(x, t, y, t@, debug = FALSE, aderivs = TRUE)

Arguments
a vector of training data values
a vector or matrix of predictors
y a vector of values at which to calculate the density and distribution functions
t0 a single value of the predictor (specify either t@ or n@ but not both)
debug debug flag
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dlogis2sub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage
dlogis2sub(x, y, d1 = 0.01, fd2 = 0.01, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
di the delta used in the numerical derivatives with respect to the parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-

eter

aderivs logical for whether to use analytic derivatives (instead of numerical)
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Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dlogis_p1 Logistic-with-p1 density function

Description

Logistic-with-p1 density function

Usage

dlogis_p1(x, t@, ymn, slope, scale, log = FALSE)

Arguments
X a vector of training data values
to a single value of the predictor (specify either t@ or n@ but not both)
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
scale the scale parameter of the distribution
log logical for the density evaluation
Value
Vector
dlogis_p1sub Densities from MLE and RHP
Description

Densities from MLE and RHP

Usage

dlogis_plsub(x, t, y, t@, di1, d2, fd3, aderivs = TRUE)
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Arguments
X a vector of training data values
t a vector or matrix of predictors
y a vector of values at which to calculate the density and distribution functions
t0 a single value of the predictor (specify either t@ or n@ but not both)
di the delta used in the numerical derivatives with respect to the parameter
d2 the delta used in the numerical derivatives with respect to the parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dlst_k3sub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage
dlst_k3sub(x, y, d1 = 0.01, fd2 = 0.01, kdf, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
di the delta used in the numerical derivatives with respect to the parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kdf the known degrees of freedom parameter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors
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dlst_p1k3 LST-with-pl density function

Description

LST-with-p1 density function

Usage

dlst_plk3(x, t@, ymn, slope, sigma, log = FALSE, kdf)

Arguments
X a vector of training data values
t0 a single value of the predictor (specify either t@ or n@ but not both)
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
sigma the sigma parameter of the distribution
log logical for the density evaluation
kdf the known degrees of freedom parameter
Value
Vector
dlst_pTk3sub Densities from MLE and RHP
Description

Densities from MLE and RHP

Usage

dlst_plk3sub(x, t, y, to, di1, d2, fd3, kdf, aderivs = TRUE)



dmgs 109

Arguments
X a vector of training data values
t a vector or matrix of predictors
y a vector of values at which to calculate the density and distribution functions
to a single value of the predictor (specify either t@ or n@ but not both)
di the delta used in the numerical derivatives with respect to the parameter
d2 the delta used in the numerical derivatives with respect to the parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kdf the known degrees of freedom parameter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dmgs Evaluate DMGS equation 3.3

Description

Evaluate DMGS equation 3.3

Usage
dmgs(lddi, lddd, mul, pidopi, mu2, dim)

Arguments
lddi inverse of second derivative of observed log-likelihood
lddd third derivative of observed log-likelihood
mul DMGS mul vector
pidopi derivative of log prior
mu2 DMGS mu2 matrix
dim number of parameters
Value

Vector
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dnormsub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage
dnormsub(x, y, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
aderivs logical for whether to use analytic derivatives (instead of numerical)

Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dnorm_dmgssub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage
dnorm_dmgssub(x, y, d1 = 0.01, fd2 = 0.01, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
di the delta used in the numerical derivatives with respect to the parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors
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dnorm_p1 Normal-with-pl density function

Description

Normal-with-p1 density function

Usage

dnorm_p1(x, t@, ymn, slope, sigma, log = FALSE)

Arguments
X a vector of training data values
t0 a single value of the predictor (specify either t@ or n@ but not both)
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
sigma the sigma parameter of the distribution
log logical for the density evaluation
Value
Vector
dnorm_p1sub Densities from MLE and RHP
Description

Densities from MLE and RHP

Usage

dnorm_plsub(x, t, y, t0@, aderivs = TRUE)

Arguments
X a vector of training data values
a vector or matrix of predictors
y a vector of values at which to calculate the density and distribution functions
t0 a single value of the predictor (specify either t@ or n@ but not both)
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors
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dnorm_p1_formula Linear regression formula, densities

Description

Linear regression formula, densities

Usage

dnorm_p1_formula(y, ta, ta@, nx, muhat@, v3hat)

Arguments
y a vector of values at which to calculate the density and distribution functions
ta predictor residuals
tao predictor residual at the point being predicted
nx length of training data
muhat@ muhat at the point being predicted
v3hat third parameter
Value
Vector
dpareto_k2_sub Densities from MLE and RHP
Description

Densities from MLE and RHP

Usage
dpareto_k2_sub(x, y, kscale, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
kscale the known scale parameter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors
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dpareto_p1k2 pareto_kl-with-p2 density function

Description

pareto_k1-with-p2 density function

Usage

dpareto_p1k2(x, t@, ymn, slope, kscale, log = FALSE)

Arguments
X a vector of training data values
to a single value of the predictor (specify either t@ or n@ but not both)
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
kscale the known scale parameter
log logical for the density evaluation
Value
Vector
dpareto_p1k2sub Densities from MLE and RHP
Description

Densities from MLE and RHP

Usage

dpareto_plk2sub(x, t, y, t@, d1, d2, kscale, aderivs = TRUE, debug = FALSE)

Arguments
X a vector of training data values
a vector or matrix of predictors
y a vector of values at which to calculate the density and distribution functions
t0 a single value of the predictor (specify either t@ or n@ but not both)
di the delta used in the numerical derivatives with respect to the parameter
d2 the delta used in the numerical derivatives with respect to the parameter
kscale the known scale parameter
aderivs logical for whether to use analytic derivatives (instead of numerical)

debug debug flag
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Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

dunif_formula Predictive PDF's

Description

Predictive PDFs

Usage
dunif_formula(x, y)

Arguments
a vector of training data values
y a vector of values at which to calculate the density and distribution functions
Value

Two vectors

dweibullsub Densities from MLE and RHP

Description

Densities from MLE and RHP

Usage
dweibullsub(x, y, fd1 = 0.01, fd2 = 0.01, aderivs = TRUE)

Arguments
X a vector of training data values
y a vector of values at which to calculate the density and distribution functions
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

A vector of parameter estimates, two pdf vectors, two cdf vectors
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dweibull_p2 Weibull-with-p1 density function

Description

Weibull-with-p1 density function

Usage

dweibull_p2(x, t@, shape, ymn, slope, log = FALSE)

Arguments
X a vector of training data values
to a single value of the predictor (specify either t@ or n@ but not both)
shape the shape parameter of the distribution
ymn the location parameter of the function of the predictor
slope the slope of the function of the predictor
log logical for the density evaluation
Value
Vector
dweibull_p2sub Densities from MLE and RHP
Description

Densities from MLE and RHP

Usage
dweibull_p2sub(x, t, y, to, fdl, d2, d3, aderivs = TRUE)

Arguments

a vector of training data values
a vector or matrix of predictors

y a vector of values at which to calculate the density and distribution functions

to a single value of the predictor (specify either t@ or n@ but not both)

fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter

d2 the delta used in the numerical derivatives with respect to the parameter

d3 the delta used in the numerical derivatives with respect to the parameter

aderivs logical for whether to use analytic derivatives (instead of numerical)
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Value

A vector of parameter estimates, two pdf vectors, two cdf vectors

exp_cp Exponential Distribution Predictions Based on a Calibrating Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model **** the five
functions are as follows:

» gx**%_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.

* rxx*xx_cp returns n random deviates from the predictive distribution.
o dx**xx_cp returns the predictive density function at the specified values y
* pxx*xx_cp returns the predictive distribution function at the specified values y

o txx*xx_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-
rithm.

Usage

gexp_cp(
X,
p = seq(0.1, 9.9, 0.1),
fd1 = 0.01,
means = FALSE,
waicscores = FALSE,
logscores = FALSE,
rust = FALSE,
nrust = 1e+05,
debug = FALSE,
aderivs = TRUE
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rexp_cp(n, x, rust = FALSE, mlcp = TRUE, debug = FALSE, aderivs = TRUE)

dexp_cp(x, y

pexp_cp(x, y =

X, rust

X, rust

1000, debug = FALSE, aderivs = TRUE)

FALSE, nrust

FALSE, nrust = 1000, debug = FALSE, aderivs = TRUE)

texp_cp(n, x, debug = FALSE)

Arguments

X

p
fdi

means

waicscores

logscores

rust

nrust
debug

aderivs

mlcp

Value

a vector of training data values
a vector of probabilities at which to generate predictive quantiles

if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the first parameter

logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)

logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC2 scores (longer runtime)

logical that indicates whether to run additional calculations and return leave-
one-out estimates of the log-score (much longer runtime, non-EVT models only)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

g**x* returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.

e ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.

* cp_quantiles: predictive quantiles calculated using a calibrating prior.

e maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.
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For models with predictors, g**x* additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

e adjustedx: the detrended values of x

rx*%* returns a list containing the following:
* ml_params: maximum likelihood estimates for the parameters.
* ml_deviates: random deviates calculated using maximum likelihood.

* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.
d*x** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_pdf: density function from maximum likelihood.

» cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
e ml_cdf: distribution function from maximum likelihood.

» cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
t**x* returns a list containing the following:
* theta_samples: random samples from the parameter posterior.

Details of the Model

The exponential distribution has exceedance distribution function
S(x; \) = exp(—Azx)

where z > 0 is the random variable and A > 0 is the rate parameter.

The calibrating prior is given by the right Haar prior, which is
m(A) x

as given in Jewson et al. (2025).
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Optional Return Values
gx*x* optionally returns the following:
If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.
* waic2: the WAIC2 score for the calibrating prior model.
If logscores=TRUE:
* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)
* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)

If means=TRUE:

e ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible
* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
r*x*x optionally returns the following:
If rust=TRUE:
* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.
d*x*x optionally returns the following:
If rust=TRUE:
* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.
p**x* optionally returns the following:
If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.
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Details (homogeneous models)

This model is a homogeneous model, and the cp results are based on the right Haar prior. For
homogeneous models (models with sharply transitive transformation groups), a Bayesian prediction
based on the right Haar prior gives exact reliability, as shown by Severini et al. (2002), even when
the true parameters are unknown. This means that probabilities in the prediction will correspond to
frequencies of future outcomes in repeated trials (if the model is correct).

Maximum likelihood prediction does not give reliable predictions, even when the model is correct,
because it does not account for parameter uncertainty. In particular, maximum likelihood predic-
tions typically underestimate the tail in repeated trials.

The reliability of the maximum likelihood and the calibrating prior predictive quantiles produced by
the g****_cp routines in fitdistcp can be quantified using repeated simulations with the routine
reltest.

Details (analytic integration)

For this model, the Bayesian prediction equation is integrated analytically.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

» Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.

See Also

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

* Cauchy (cauchy),


https://ascmo.copernicus.org/articles/11/1/2025/
https://ascmo.copernicus.org/articles/11/1/2025/
http://www.fitdistcp.info/index.html
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* Cauchy with linear predictor on the mean (cauchy_p1),

» Exponential (exp),

» Exponential with log-linear predictor on the scale (exp_p1),

* Frechet with known location parameter (frechet_k1),

* Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
¢ Gamma (gamma),

¢ Generalized normal (gnorm),

¢ GEV (gev),

* GEV with linear predictor on the location (gev_p1),

* GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

* GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

* GEV with linear predictor on the location and known shape (gev_p1k3),
* GEV with known shape (gev_k3),

e GPD with known location (gpd_k1),

e Gumbel (gumbel),

* Gumbel with linear predictor on the mean(gumbel_p1),

¢ Half-normal (halfnorm),

* Inverse gamma (invgamma),

* Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

 Logistic (logis),
* Logistic with linear predictor on the location (logis_p1),
* Log-normal (1norm),
* Log-normal with linear predictor on the location (1norm_p1),
¢ Normal (norm),
* Normal with linear predictor on the mean (norm_p1),
¢ Pareto with known scale (pareto_k2),
* Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
e Uniform (unif),
e Weibull (weibull),
* Weibull with linear predictor on the scale (weibull_p?2),
The level of predictive probability matching achieved by the maximum likelihood and calibrating

prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,
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Examples

#

# example 1
x=fitdistcp::d10@exp_example_data_v1
p=c(1:9)/10

g=qgexp_cp(x,p, rust=TRUE, nrust=1000)
xmin=min(q$ml_quantiles,q$cp_quantiles);
xmax=max (q$ml_quantiles,g$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”,xlim=c(xmin,xmax),
sub="(from gexp_cp)",

main="Exponential: quantile estimates"”);
points(g$cp_quantiles,p,col="red"”,lwd=2)
points(g$ru_quantiles,p,col="blue")

exp_f1f DMGS equation 2.1, fI term

Description

DMGS equation 2.1, f1 term

Usage
exp_f1f(y, vi1, fd1)

Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
Matrix
exp_f1fa The first derivative of the density
Description

The first derivative of the density

Usage
exp_fifa(x, v1)



exp_f2f

Arguments

X

v1

Value

Vector

123

a vector of training data values

first parameter

exp_f2f

DMGS equation 2.1, f2 term

Description

DMGS equation 2.1, f2 term

Usage

exp_f2f(y, vi, fd1)

Arguments
y a vector of values at which to calculate the density and distribution functions
vl first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
3d array
exp_f2fa The second derivative of the density
Description

The second derivative of the density

Usage

exp_f2fa(x, v1)

Arguments

X

v1

a vector of training data values

first parameter
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Value
Matrix
exp_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol
Description

First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
exp_fd(x, v1)

Arguments

X a vector of training data values

vl first parameter
Value

Vector

exp_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
exp_fdd(x, v1)

Arguments
X a vector of training data values
v first parameter

Value

Matrix
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exp_1111 Third derivative of the normalized log-likelihood

Description

Third derivative of the normalized log-likelihood

Usage
exp_1111(x, v1, fd1)

Arguments
X a vector of training data values
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
Scalar value
exp_ldd The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage
exp_ldd(x, v1, fd1)

Arguments
X a vector of training data values
vi first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value

Square scalar matrix
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exp_ldda The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage
exp_ldda(x, v1)

Arguments

X a vector of training data values

v1 first parameter

Value

Matrix

exp_lddd Third derivative tensor of the log-likelihood

Description

Third derivative tensor of the log-likelihood

Usage
exp_lddd(x, v1, fd1)

Arguments
X a vector of training data values
vi first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value

Cubic scalar array
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exp_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage

exp_lddda(x, v1)

Arguments

X a vector of training data values

vi first parameter

Value

3d array

exp_logf Logf for RUST

Description

Logf for RUST

Usage

exp_logf(params, x)

Arguments
params model parameters for calculating logf
X a vector of training data values

Value

Scalar value.
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exp_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
exp_logfdd(x, v1)

Arguments

X a vector of training data values

vi first parameter
Value

Matrix

exp_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description

Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
exp_logfddd(x, v1)

Arguments
X a vector of training data values
v first parameter

Value

3d array
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exp_logscores Log scores for MLE and RHP predictions calculated using leave-one-
out

Description

Log scores for MLE and RHP predictions calculated using leave-one-out

Usage

exp_logscores(logscores, x)

Arguments

logscores logical that indicates whether to return leave-one-out estimates estimates of the

log-score (much longer runtime)

X a vector of training data values
Value

Two scalars

exp_plfa The first derivative of the cdf

Description

The first derivative of the cdf

Usage

exp_plfa(x, v1)

Arguments
X a vector of training data values
v first parameter

Value

Vector
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exp_pl_cp Exponential Distribution with a Predictor, Predictions Based on a Cal-
ibrating Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model ***x the five
functions are as follows:

» gx**x_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.

* r*x%x_cp returns n random deviates from the predictive distribution.
» d**x*x_cp returns the predictive density function at the specified values y
* pxx*x_cp returns the predictive distribution function at the specified values y

e txx%x_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-

rithm.
Usage

aexp_p1_cp(
X,
t,
t0 = NA,
nd = NA,
p = seq(@0.1, 0.9, 0.1),
dl = 0.01,
d2 = 0.01,

means = FALSE,
waicscores = FALSE,
logscores = FALSE,
dmgs = TRUE,

rust = FALSE,

nrust = l1e+05,
predictordata = TRUE,
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centering = TRUE,

debug = FALSE,
aderivs = TRUE

)

rexp_p1_cp(
n,
X,
t,
t0 = NA,
nd = NA,
dl = 0.01,
d2 = 0.01,
rust = FALSE,
mlcp = TRUE,

)

debug = FALSE,
aderivs = TRUE

dexp_p1_cp(

)

X,
t)
t0 = NA,
nd = NA,

dl = 0.0
d2 = 0.01
rust = FALSE,
nrust = 1000,

1,

centering = TRUE,

debug = FALSE,
aderivs = TRUE

pexp_p1_cp(

dl = 0.01,
d2 = 0.01,
rust = FALSE,
nrust = 1000,

1

centering = TRUE,

debug = FALSE,
aderivs = TRUE

131
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texp_pl_cp(n, x, t, d1 = 0.01, d2 = 0.01, debug = FALSE)

Arguments

X
t

to
no

p
d1

d2

means

waicscores

logscores

dmgs

rust

nrust
predictordata
centering
debug

aderivs

mlcp

Value

a vector of training data values

a vector of predictors, such that length(t)=1length(x)

a single value of the predictor (specify either t@ or n@ but not both)
an index for the predictor (specify either t@ or n@ but not both)

a vector of probabilities at which to generate predictive quantiles

the fractional delta used in the numerical derivatives with respect to the location
parameter

the fractional delta used in the numerical derivatives with respect to the slope
parameter

logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)

logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC?2 scores (longer runtime)

logical that indicates whether to run additional calculations and return leave-
one-out estimates of the log-score (much longer runtime, non-EVT models only)

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical that indicates whether predictordata should be calculated
logical that indicates whether the predictor should be centered
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

g*x** returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.

e ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.
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* ml_quantiles: quantiles calculated using maximum likelihood.
* cp_quantiles: predictive quantiles calculated using a calibrating prior.
e maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, qx*x* additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

¢ adjustedx: the detrended values of x

rx*x* returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_deviates: random deviates calculated using maximum likelihood.
* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.
d*x** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_pdf: density function from maximum likelihood.

* cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
e ml_cdf: distribution function from maximum likelihood.

» cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
t**x* returns a list containing the following:

* theta_samples: random samples from the parameter posterior.

Details of the Model
The exponential distribution with a predictor has exceedance distribution function
S(z;a,b) = exp(—zA(a,b))
where > 0 is the random variable and \(a,b) = e~~b
function of the parameters a, b and a predictor ¢.

is the rate parameter, modelled as a

The calibrating prior is given by the right Haar prior, which is
m(a,b) x 1

. as given in Jewson et al. (2025).
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Optional Return Values
gx*x* optionally returns the following:
If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.
* waic2: the WAIC2 score for the calibrating prior model.
If logscores=TRUE:
* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)
* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)

If means=TRUE:

e ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible
* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
r*x*x optionally returns the following:
If rust=TRUE:
* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.
d*x*x optionally returns the following:
If rust=TRUE:
* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.
p**x* optionally returns the following:
If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.
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Details (homogeneous models)

This model is a homogeneous model, and the cp results are based on the right Haar prior. For
homogeneous models (models with sharply transitive transformation groups), a Bayesian prediction
based on the right Haar prior gives exact reliability, as shown by Severini et al. (2002), even when
the true parameters are unknown. This means that probabilities in the prediction will correspond to
frequencies of future outcomes in repeated trials (if the model is correct).

Maximum likelihood prediction does not give reliable predictions, even when the model is correct,
because it does not account for parameter uncertainty. In particular, maximum likelihood predic-
tions typically underestimate the tail in repeated trials.

The reliability of the maximum likelihood and the calibrating prior predictive quantiles produced by
the g****_cp routines in fitdistcp can be quantified using repeated simulations with the routine
reltest.

Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

* Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.
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See Also

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

* Cauchy (cauchy),

 Cauchy with linear predictor on the mean (cauchy_p1),

* Exponential (exp),

» Exponential with log-linear predictor on the scale (exp_p1),

 Frechet with known location parameter (frechet_k1),

* Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
¢ Gamma (gamma),

* Generalized normal (gnorm),

¢ GEV (gev),

* GEV with linear predictor on the location (gev_p1),

* GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

* GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

* GEV with linear predictor on the location and known shape (gev_p1k3),
* GEV with known shape (gev_k3),

e GPD with known location (gpd_k1),

¢ Gumbel (gumbel),

* Gumbel with linear predictor on the mean(gumbel_p1),

e Half-normal (halfnorm),

* Inverse gamma (invgamma),

* Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

* Logistic (logis),

* Logistic with linear predictor on the location (logis_p1),

* Log-normal (1norm),

* Log-normal with linear predictor on the location (1norm_p1),

e Normal (norm),

* Normal with linear predictor on the mean (norm_p1),

¢ Pareto with known scale (pareto_k2),

* Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
¢ Uniform (unif),

¢ Weibull (weibull),


http://www.fitdistcp.info/index.html
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* Weibull with linear predictor on the scale (weibull_p?2),

The level of predictive probability matching achieved by the maximum likelihood and calibrating
prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,

Examples

#

# example 1
x=fitdistcp::d55exp_pl1_example_data_v1_x
tt=fitdistcp::d55exp_pl_example_data_v1_t
p=c(1:9)/10

no=10
g=qgexp_pl_cp(x, tt,n0=nd, p=p,rust=TRUE,nrust=1000)
xmin=min(q$ml_quantiles,q$cp_quantiles);

xmax=max (q$ml_quantiles,q$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”, xlim=c(xmin,xmax),
sub="(from gexp_pl_cp)",

main="Exponential w/ pl: quantile estimates"”);
points(g$cp_quantiles,p,col="red"”,lwd=2)
points(q$ru_quantiles,p,col="blue")

exp_pl1_f1f DMGS equation 2.1, fI term

Description

DMGS equation 2.1, fI term

Usage
exp_pl1_fi1f(y, to, vi1, di, v2, d2)

Arguments

y a vector of values at which to calculate the density and distribution functions

t0 a single value of the predictor (specify either t@ or n@ but not both)

v first parameter

di the delta used in the numerical derivatives with respect to the parameter

v2 second parameter

d2 the delta used in the numerical derivatives with respect to the parameter
Value

Matrix
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exp_pl1_fifa The first derivative of the density

Description

The first derivative of the density

Usage
exp_pl_fifa(x, t, vl1, v2)

Arguments

X a vector of training data values

a vector or matrix of predictors

v first parameter

v2 second parameter
Value

Vector

exp_pl1_f2f DMGS equation 2.1, f2 term

Description

DMGS equation 2.1, f2 term

Usage
exp_pl_f2f(y, to, vi1, di, v2, d2)

Arguments

y a vector of values at which to calculate the density and distribution functions

t0 a single value of the predictor (specify either t@ or n@ but not both)

v first parameter

di the delta used in the numerical derivatives with respect to the parameter

v2 second parameter

d2 the delta used in the numerical derivatives with respect to the parameter
Value

3d array
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exp_p1_f2fa The second derivative of the density

Description

The second derivative of the density

Usage
exp_pl_f2fa(x, t, v1, v2)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
v2 second parameter
Value
Matrix
exp_p1_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol
Description

First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

exp_pl_fd(x, t, v1, v2)

Arguments
X a vector of training data values
a vector or matrix of predictors
v first parameter
v2 second parameter
Value

Vector
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exp_p1_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

exp_pl_fdd(x, t, v1, v2)

Arguments

X a vector of training data values

t a vector or matrix of predictors

v first parameter

v2 second parameter
Value

Matrix

exp_p1_ldd Second derivative matrix of the normalized log-likelihood

Description

Second derivative matrix of the normalized log-likelihood

Usage
exp_pl_ldd(x, t, v1, di1, v2, d2)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vl first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter

d2 the delta used in the numerical derivatives with respect to the parameter
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Value

Square scalar matrix
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exp_pl1_ldda

The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage

exp_pl_ldda(x, t, v1, v2)

Arguments

X a vector of training data values

t a vector or matrix of predictors

vi first parameter

v2 second parameter
Value

Matrix

exp_p1_lddd Third derivative tensor of the normalized log-likelihood

Description

Third derivative tensor of the normalized log-likelihood

Usage

exp_pl_lddd(x, t, v1, di1, v2, d2)

Arguments

X
t

v
di
v2
d2

a vector of training data values

a vector or matrix of predictors

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
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Value

Cubic scalar array

exp_p1_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage
exp_pl_lddda(x, t, v1, v2)

Arguments
a vector of training data values
a vector or matrix of predictors
vl first parameter
v2 second parameter
Value
3d array
exp_p1_1lmn One component of the second derivative of the normalized log-
likelihood
Description

One component of the second derivative of the normalized log-likelihood

Usage

exp_pl_lmn(x, t, v1, d1, v2, d2, mm, nn)

Arguments
a vector of training data values
a vector or matrix of predictors
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
mm an index for which derivative to calculate

nn an index for which derivative to calculate
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Value

Scalar value
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exp_pl1_lmnp

One component of the third derivative of the normalized log-likelihood

Description

One component of the third derivative of the normalized log-likelihood

Usage

exp_p1_lmnp(x, t, v1, d1, v2, d2, mm, nn, rr)

Arguments

X
t

v
di
v2
d2
mm
nn

rr

Value

Scalar value

a vector of training data values

a vector or matrix of predictors

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
an index for which derivative to calculate

an index for which derivative to calculate

an index for which derivative to calculate

exp_pl1_logf

Logf for RUST

Description

Logf for RUST

Usage

exp_pl_logf(params, x, t)
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Arguments
params model parameters for calculating logf
X a vector of training data values
t a vector or matrix of predictors

Value

Scalar value.

exp_p1_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description

Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

exp_pl_logfdd(x, t, v1, v2)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vl first parameter
v2 second parameter

Value

Matrix
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exp_p1_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
exp_p1_logfddd(x, t, v1, v2)

Arguments

X a vector of training data values

t a vector or matrix of predictors

vl first parameter

v2 second parameter
Value

3d array

exp_pl_loglik observed log-likelihood function

Description

observed log-likelihood function

Usage
exp_p1_loglik(vv, x, t)

Arguments
Y parameters
X a vector of training data values
t a vector or matrix of predictors
Value

Scalar value.
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exp_pl_logscores Log scores for MLE and RHP predictions calculated using leave-one-
out

Description

Log scores for MLE and RHP predictions calculated using leave-one-out

Usage

exp_p1_logscores(logscores, x, t, dl, d2, aderivs)

Arguments
logscores logical that indicates whether to return leave-one-out estimates estimates of the
log-score (much longer runtime)
X a vector of training data values
t a vector or matrix of predictors
di the delta used in the numerical derivatives with respect to the parameter
d2 the delta used in the numerical derivatives with respect to the parameter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

Two scalars

exp_p1_means exp distribution: RHP means

Description

exp distribution: RHP means

Usage

exp_pl_means(means, t@, ml_params, lddi, lddd, lambdad_rhp, nx, dim = 2)
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Arguments
means logical that indicates whether to return analytical estimates for the distribution
means (longer runtime)
to a single value of the predictor (specify either t@ or n@ but not both)
ml_params parameters
1ddi inverse observed information matrix
lddd third derivative of log-likelihood
lambdad_rhp derivative of the log RHP prior
nx length of training data
dim number of parameters
Value
Two scalars
exp_pl_mulf DMGS equation 3.3, mul term
Description

DMGS equation 3.3, mul term

Usage
exp_pl_mulf(alpha, te, vi, di, v2, d2)

Arguments

alpha a vector of values of alpha (one minus probability)

t0 a single value of the predictor (specify either t@ or n@ but not both)

v first parameter

di the delta used in the numerical derivatives with respect to the parameter

v2 second parameter

d2 the delta used in the numerical derivatives with respect to the parameter
Value

Matrix
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exp_pl_mulfa Minus the first derivative of the cdf, at alpha

Description

Minus the first derivative of the cdf, at alpha

Usage
exp_pl_mulfa(alpha, t, vi1, v2)

Arguments

alpha a vector of values of alpha (one minus probability)

t a vector or matrix of predictors

v first parameter

v2 second parameter
Value

Vector

exp_p1_mu2f DMGS equation 3.3, mu2 term

Description

DMGS equation 3.3, mu2 term

Usage
exp_pl_mu2f(alpha, to, vi1, di1, v2, d2)

Arguments

alpha a vector of values of alpha (one minus probability)

t0 a single value of the predictor (specify either t@ or n@ but not both)

v first parameter

di the delta used in the numerical derivatives with respect to the parameter

v2 second parameter

d2 the delta used in the numerical derivatives with respect to the parameter
Value

3d array
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exp_p1_mu2fa Minus the second derivative of the cdf, at alpha

Description

Minus the second derivative of the cdf, at alpha

Usage

exp_pl_mu2fa(alpha, t, vi, v2)

Arguments
alpha a vector of values of alpha (one minus probability)
t a vector or matrix of predictors
v first parameter
v2 second parameter
Value
Matrix
exp_pl_pi1f DMGS equation 2.1, pl term
Description

DMGS equation 2.1, p1 term

Usage
exp_pl_p1f(y, to, vi1, d1, v2, d2)

Arguments

y a vector of values at which to calculate the density and distribution functions

to a single value of the predictor (specify either t@ or n@ but not both)

v first parameter

di the delta used in the numerical derivatives with respect to the parameter

v2 second parameter

d2 the delta used in the numerical derivatives with respect to the parameter
Value

Matrix
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exp_pl_pifa The first derivative of the cdf

Description

The first derivative of the cdf

Usage
exp_pl_pifa(x, t, vl1, v2)

Arguments

X a vector of training data values

a vector or matrix of predictors

v first parameter

v2 second parameter
Value

Vector

exp_pl_p2f DMGS equation 2.1, p2 term

Description

DMGS equation 2.1, p2 term

Usage
exp_pl_p2f(y, to, v1, di, v2, d2)

Arguments

y a vector of values at which to calculate the density and distribution functions

t0 a single value of the predictor (specify either t@ or n@ but not both)

v first parameter

di the delta used in the numerical derivatives with respect to the parameter

v2 second parameter

d2 the delta used in the numerical derivatives with respect to the parameter
Value

3d array
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exp_pl_p2fa The second derivative of the cdf

Description

The second derivative of the cdf

Usage
exp_pl_p2fa(x, t, vl, v2)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
v2 second parameter
Value
Matrix
exp_p1_pd First derivative of the cdf Created by Stephen Jewson using Deriv() by
Andrew Clausen and Serguei Sokol
Description

First derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and Serguei
Sokol

Usage
exp_pl_pd(x, t, v1, v2)

Arguments
X a vector of training data values
a vector or matrix of predictors
v first parameter
v2 second parameter
Value

Vector
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exp_p1_pdd Second derivative of the cdf Created by Stephen Jewson using Deriv()
by Andrew Clausen and Serguei Sokol

Description
Second derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

exp_pl_pdd(x, t, v1, v2)

Arguments
X a vector of training data values
a vector or matrix of predictors
v first parameter
v2 second parameter
Value
Matrix

exp_pl_predictordata Predicted Parameter and Generalized Residuals

Description

Predicted Parameter and Generalized Residuals

Usage

exp_pl_predictordata(predictordata, x, t, t@, params)

Arguments

predictordata logical that indicates whether to calculate and return predictordata

X a vector of training data values
t a vector or matrix of predictors
t0 a single value of the predictor (specify either t@ or n@ but not both)
params model parameters for calculating logf
Value

Two vectors
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exp_pl_waic Waic
Description
Waic
Usage
exp_pl_waic(
waicscores,
X ’
t,
vlhat,
di1,
v2hat,
d2,
1ddi,
1ddd,
lambdad,
aderivs
)
Arguments
waicscores logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)
X a vector of training data values
t a vector or matrix of predictors
vlhat first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2hat second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
1ddi inverse observed information matrix
lddd third derivative of log-likelihood
lambdad derivative of the log prior
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

Two numeric values.
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exp_p2fa The second derivative of the cdf

Description

The second derivative of the cdf

Usage

exp_p2fa(x, v1)

Arguments

X a vector of training data values

v first parameter
Value

Matrix

exp_pd First derivative of the cdf Created by Stephen Jewson using Deriv() by
Andrew Clausen and Serguei Sokol

Description

First derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and Serguei
Sokol

Usage

exp_pd(x, v1)

Arguments
X a vector of training data values
v first parameter

Value

Vector
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exp_pdd Second derivative of the cdf Created by Stephen Jewson using Deriv()
by Andrew Clausen and Serguei Sokol

Description
Second derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
exp_pdd(x, v1)

Arguments

X a vector of training data values

v first parameter

Value

Matrix

exp_waic Waicscores

Description

Waicscores

Usage

exp_waic(waicscores, x, vilhat, fd1, aderivs)

Arguments
waicscores logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)
X a vector of training data values
vlhat first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

Two numeric values.
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fixgpdrange
fixgevrange Deal with situations in which the user wants d or p outside the GEV
range
Description
Deal with situations in which the user wants d or p outside the GEV range
Usage
fixgevrange(y, v1, v2, v3)
Arguments
y a vector of values at which to calculate the density and distribution functions
vi first parameter
v2 second parameter
v3 third parameter
Value
Vector
fixgpdrange Deal with situations in which the user wants d or p outside the GPD
range
Description
Deal with situations in which the user wants d or p outside the GPD range
Usage
fixgpdrange(y, v1, v2, v3)
Arguments
y a vector of values at which to calculate the density and distribution functions
v1 first parameter
v2 second parameter
v3 third parameter
Value

Vector
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frechet_k1_cp Frechet Distribution Predictions Based on a Calibrating Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model #*** the five
functions are as follows:

o gx**xx_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.

* rx%xxx_cp returns n random deviates from the predictive distribution.
* dxx*x_cp returns the predictive density function at the specified values y
* p**xx%_cp returns the predictive distribution function at the specified values y

* txx*xx_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-

rithm.
Usage

gfrechet_k1_cp(
X’
p = seq(@0.1, 0.9, 0.1),
kloc = 0,
fdl = 0.01,
fd2 = 0.01,

means = FALSE,
waicscores = FALSE,
logscores = FALSE,
dmgs = TRUE,

rust = FALSE,

nrust = le+05,
debug = FALSE,
aderivs = TRUE
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rfrechet_k1_cp(

n,

X,

kloc = 0,

fd1 = 0.01,
fd2 = 0.01,
rust = FALSE,
mlcp = TRUE,

debug = FALSE,
aderivs = TRUE

)
dfrechet_k1_cp(
X,
y =X,
kloc = 0,
fd1 = 0.01,
fd2 = 0.01,
rust = FALSE,
nrust = 1000,

debug = FALSE,
aderivs = TRUE

)
pfrechet_k1_cp(
X,
y =X,
kloc = 0,
fd1 = 0.01,
fd2 = 0.01,
rust = FALSE,
nrust = 1000,

debug = FALSE,
aderivs = TRUE

)

tfrechet_kl1_cp(n, x, kloc = @, fdl = 0.01, fd2 = 0.01, debug = FALSE)

Arguments
X a vector of training data values
p a vector of probabilities at which to generate predictive quantiles
kloc the known location parameter
fdi if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the first parameter
fd2 if aderivs=FALSE, the fractional delta used for numerical derivatives with re-

spect to the second parameter
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means

waicscores

logscores

dmgs

rust

nrust
debug

aderivs

mlcp

Value
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logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)

logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC?2 scores (longer runtime)

logical that indicates whether to run additional calculations and return leave-
one-out estimates of the log-score (much longer runtime, non-EVT models only)

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

g*x** returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.

* cp_quantiles: predictive quantiles calculated using a calibrating prior.

e maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, gx*** additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

e adjustedx: the detrended values of x

rx*x* returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_deviates: random deviates calculated using maximum likelihood.

* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.
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d*x** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_pdf: density function from maximum likelihood.

* cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

e cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
e ml_cdf: distribution function from maximum likelihood.

* cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
t**x* returns a list containing the following:
* theta_samples: random samples from the parameter posterior.

Details of the Model

The Frechet distribution has distribution function

F(x;0,)\) = exp <_ (x ; M)A)

where © > p is the random variable, ¢ > 0, A > 0 are the parameters and we consider p to be
known (hence the k1 in the name).

The calibrating prior is given by the right Haar prior, which is

1
(o, A) =

as given in Jewson et al. (2025).

Optional Return Values

g**** optionally returns the following:
If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.

e waic2: the WAIC2 score for the calibrating prior model.

If logscores=TRUE:
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* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)

* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)

If means=TRUE:

e ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible

* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.

rx*x* optionally returns the following:

If rust=TRUE:

* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.

d*x** optionally returns the following:

If rust=TRUE:

* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.

p**x* optionally returns the following:

If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.

Details (homogeneous models)

This model is a homogeneous model, and the cp results are based on the right Haar prior. For
homogeneous models (models with sharply transitive transformation groups), a Bayesian prediction
based on the right Haar prior gives exact reliability, as shown by Severini et al. (2002), even when
the true parameters are unknown. This means that probabilities in the prediction will correspond to
frequencies of future outcomes in repeated trials (if the model is correct).

Maximum likelihood prediction does not give reliable predictions, even when the model is correct,
because it does not account for parameter uncertainty. In particular, maximum likelihood predic-
tions typically underestimate the tail in repeated trials.

The reliability of the maximum likelihood and the calibrating prior predictive quantiles produced by
the g****_cp routines in fitdistcp can be quantified using repeated simulations with the routine
reltest.
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Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

* Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.

See Also

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

* Cauchy (cauchy),

* Cauchy with linear predictor on the mean (cauchy_p1),

» Exponential (exp),

* Exponential with log-linear predictor on the scale (exp_p1),

* Frechet with known location parameter (frechet_k1),

* Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
¢ Gamma (gamma),

¢ Generalized normal (gnorm),


https://ascmo.copernicus.org/articles/11/1/2025/
https://ascmo.copernicus.org/articles/11/1/2025/
http://www.fitdistcp.info/index.html
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¢ GEV (gev),
* GEV with linear predictor on the location (gev_p1),
* GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

* GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

* GEV with linear predictor on the location and known shape (gev_p1k3),
* GEV with known shape (gev_k3),

¢ GPD with known location (gpd_k1),

¢ Gumbel (gumbel),

* Gumbel with linear predictor on the mean(gumbel_p1),

* Half-normal (halfnorm),

* Inverse gamma (invgamma),

* Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

* Logistic (logis),
* Logistic with linear predictor on the location (logis_p1),
* Log-normal (1norm),
* Log-normal with linear predictor on the location (1norm_p1),
e Normal (norm),
* Normal with linear predictor on the mean (norm_p1),
¢ Pareto with known scale (pareto_k2),
 Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
¢ Uniform (unif),
e Weibull (weibull),
* Weibull with linear predictor on the scale (weibull_p?2),
The level of predictive probability matching achieved by the maximum likelihood and calibrating

prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,

Examples

#

# example 1
x=fitdistcp::d51frechet_k1_example_data_v1
p=c(1:9)/10
g=qfrechet_k1_cp(x,p,rust=TRUE,nrust=1000)
xmin=min(q$ml_quantiles,q$cp_quantiles);
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xmax=max (q$ml_quantiles,q$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”,xlim=c(xmin,xmax),
sub="(from gfrechet_k1_cp)”,

main="Frechet: quantile estimates"”);
points(g$cp_quantiles,p,col="red",lwd=2)
points(q$ru_quantiles,p,col="blue")

frechet_k1_f1f DMGS equation 3.3, fI term

Description

DMGS equation 3.3, fl term

Usage
frechet_k1_f1f(y, v1, fd1, v2, fd2, kloc)

Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kloc the known location parameter
Value
Matrix
frechet_k1_f1fa The first derivative of the density
Description

The first derivative of the density

Usage
frechet_ki1_f1fa(x, v1, v2, kloc)
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Arguments

X
v
v2
kloc

Value

Vector

a vector of training data values
first parameter
second parameter

the known location parameter
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DMGS equation 3.3, f2 term

Description

DMGS equation 3.3, f2 term

Usage

frechet_k1_f2f(y, v1, fdl, v2, fd2, kloc)

Arguments

y
vl

fdi

v2
fd2

kloc

Value

3d array

a vector of values at which to calculate the density and distribution functions

first parameter

the fractional delta used in the numerical derivatives with respect to the param-

eter

second parameter

the fractional delta used in the numerical derivatives with respect to the param-

eter

the known location parameter
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frechet_k1_f2fa The second derivative of the density

Description

The second derivative of the density

Usage
frechet_k1_f2fa(x, v1, v2, kloc)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter
kloc the known location parameter
Value
Matrix
frechet_k1_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol
Description

First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
frechet_k1_fd(x, v1, v2, v3)

Arguments
X a vector of training data values
v1 first parameter
v2 second parameter
v3 third parameter
Value

Vector
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frechet_k1_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description
Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
frechet_k1_fdd(x, v1, v2, v3)

Arguments

X a vector of training data values

vl first parameter

v2 second parameter

v3 third parameter
Value

Matrix

frechet_k1_ldd Second derivative matrix of the normalized log-likelihood

Description

Second derivative matrix of the normalized log-likelihood

Usage
frechet_k1_1dd(x, v1, fd1, v2, fd2, kloc)

Arguments

X a vector of training data values

v first parameter

fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter

v2 second parameter

fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter

kloc the known location parameter
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Value

Square scalar matrix

frechet k1 _1ddd

frechet_k1_ldda The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage
frechet_k1_ldda(x, v1, v2, kloc)

Arguments

X a vector of training data values

v first parameter

v2 second parameter

kloc the known location parameter
Value

Matrix

frechet_k1_1ddd Third derivative tensor of the normalized log-likelihood

Description

Third derivative tensor of the normalized log-likelihood

Usage
frechet_k1_lddd(x, v1, fd1, v2, fd2, kloc)

Arguments

X a vector of training data values

v first parameter

fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter

v2 second parameter

fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter

kloc the known location parameter
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Value

Cubic scalar array

frechet_k1_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage

frechet_k1_lddda(x, v1, v2, kloc)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
kloc the known location parameter
Value
3d array
frechet_k1_1mn One component of the second derivative of the normalized log-
likelihood
Description

One component of the second derivative of the normalized log-likelihood

Usage

frechet_k1_lmn(x, v1, fd1, v2, fd2, kloc, mm, nn)
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Arguments

X
v1
fd1

v2
fd2

kloc
mm

nn

Value

Scalar value

frechet_kl1_Imnp

a vector of training data values
first parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known location parameter
an index for which derivative to calculate

an index for which derivative to calculate

frechet_k1_lmnp

One component of the third derivative of the normalized log-likelihood

Description

One component of the third derivative of the normalized log-likelihood

Usage

frechet_k1_lmnp(x, v1, fd1, v2, fd2, kloc, mm, nn, rr)

Arguments

X
vl
fdi

v2
fd2

kloc
mm
nn

rr

Value

Scalar value

a vector of training data values
first parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known location parameter

an index for which derivative to calculate
an index for which derivative to calculate
an index for which derivative to calculate
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frechet_k1_logf Logf for RUST

Description

Logf for RUST

Usage
frechet_k1_logf(params, x, kloc)

Arguments
params model parameters for calculating logf
X a vector of training data values
kloc the known location parameter

Value

Scalar value.

frechet_k1_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
frechet_k1_logfdd(x, vi1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
v3 third parameter
Value

Matrix
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frechet_k1_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
frechet_k1_logfddd(x, vi1, v2, v3)

Arguments

X a vector of training data values

vl first parameter

v2 second parameter

v3 third parameter
Value

3d array

frechet_k1_mulf DMGS equation 3.3, mul term

Description

DMGS equation 3.3, mul term

Usage
frechet_k1_mulf(alpha, v1, fd1, v2, fd2, kloc)

Arguments

alpha a vector of values of alpha (one minus probability)

v first parameter

fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter

v2 second parameter

fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter

kloc the known location parameter
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Value

Matrix

frechet_k1_mulfa Minus the first derivative of the cdf, at alpha

Description

Minus the first derivative of the cdf, at alpha

Usage

frechet_k1_mulfa(alpha, v1, v2, kloc)

Arguments

alpha a vector of values of alpha (one minus probability)

v first parameter

v2 second parameter

kloc the known location parameter
Value

Vector

frechet_k1_mu2f DMGS equation 3.3, mu2 term

Description

DMGS equation 3.3, mu2 term

Usage
frechet_k1_mu2f(alpha, v1, fdl, v2, fd2, kloc)

Arguments

alpha a vector of values of alpha (one minus probability)

v first parameter

fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter

v2 second parameter

fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter

kloc the known location parameter
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Value

3d array

frechet_kl_plf

frechet_k1_mu2fa Minus the second derivative of the cdf, at alpha

Description

Minus the second derivative of the cdf, at alpha

Usage
frechet_k1_mu2fa(alpha, v1, v2, kloc)

Arguments
alpha a vector of values of alpha (one minus probability)
v first parameter
v2 second parameter
kloc the known location parameter
Value
Matrix
frechet_ki1_pi1f DMGS equation 3.3, pl term
Description

DMGS equation 3.3, pl term

Usage
frechet_k1_p1f(y, v1, fdl, v2, fd2, kloc)

Arguments

y a vector of values at which to calculate the density and distribution functions

v first parameter

fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter

v2 second parameter

fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter

kloc the known location parameter
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Value
Matrix
frechet_k1_pifa The first derivative of the cdf
Description
The first derivative of the cdf
Usage
frechet_ki1_pi1fa(x, v1, v2, kloc)
Arguments
X a vector of training data values
v first parameter
v2 second parameter
kloc the known location parameter
Value
Vector
frechet_k1_p2f DMGS equation 3.3, p2 term
Description
DMGS equation 3.3, p2 term
Usage
frechet_k1_p2f(y, v1, fdl, v2, fd2, kloc)
Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter

kloc the known location parameter
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Value

3d array

frechet_kl1_pd

frechet_k1_p2fa

The second derivative of the cdf

Description

The second derivative of the cdf

Usage

frechet_k1_p2fa(x, v1, v2, kloc)

Arguments

X
v
v2
kloc

Value

Matrix

a vector of training data values
first parameter
second parameter

the known location parameter

frechet_k1_pd

First derivative of the cdf Created by Stephen Jewson using Deriv() by

Andrew Clausen and Serguei Sokol

Description

First derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and Serguei

Sokol

Usage

frechet_k1_pd(x, v1, v2, v3)

Arguments

X
v
v2
v3

a vector of training data values
first parameter
second parameter

third parameter
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Value
Vector
frechet_k1_pdd Second derivative of the cdf Created by Stephen Jewson using Deriv()
by Andrew Clausen and Serguei Sokol
Description

Second derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
frechet_k1_pdd(x, v1, v2, v3)

Arguments

X a vector of training data values
v first parameter
v2 second parameter

v3 third parameter

Value

Matrix

frechet_k1_waic Waic

Description

Waic

Usage

frechet_k1_waic(
waicscores,
X,
vlhat,
fd1,
v2hat,
fd2,
kloc,
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lddi,
lddd,
lambdad,
aderivs

Arguments

waicscores

X
vlhat
fdi

v2hat
fd2

kloc
lddi
lddd
lambdad
aderivs

Value

frechet_loglik

logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)

a vector of training data values
first parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known location parameter

inverse observed information matrix

third derivative of log-likelihood

derivative of the log prior

logical for whether to use analytic derivatives (instead of numerical)

Two numeric values.

frechet_loglik

log-likelihood function

Description

log-likelihood function

Usage

frechet_loglik(vv, x, kloc)

Arguments

vV
X
kloc

Value

Scalar value.

parameters
a vector of training data values
the known location parameter
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frechet_logscores Log scores for MLE and RHP predictions calculated using leave-one-
out

Description

Log scores for MLE and RHP predictions calculated using leave-one-out

Usage

frechet_logscores(logscores, x, fdl = 0.01, fd2 = 0.01, kloc, aderivs)

Arguments
logscores logical that indicates whether to return leave-one-out estimates estimates of the
log-score (much longer runtime)
X a vector of training data values
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kloc the known location parameter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value
Two scalars
frechet_means MLE and RHP predictive means

Description

MLE and RHP predictive means

Usage

frechet_means(means, ml_params, lddi, lddd, lambdad_rhp, nx, dim = 2, kloc)
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Arguments
means logical that indicates whether to return analytical estimates for the distribution
means (longer runtime)
ml_params parameters
lddi inverse observed information matrix
lddd third derivative of log-likelihood
lambdad_rhp derivative of the log RHP prior
nx length of training data
dim number of parameters
kloc the known location parameter
Value

Two scalars

frechet_p2k1_cp Frechet Distribution with Predictor, Predictions Based on a Calibrat-
ing Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model **** the five
functions are as follows:

» gx**x_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.

e r*x%x_cp returns n random deviates from the predictive distribution.
» dx**x_cp returns the predictive density function at the specified values y
* pxx*x_cp returns the predictive distribution function at the specified values y

* txx*xx_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-
rithm.
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Usage

gfrechet_p2k1_cp(

)

X,

t,

t0 = NA,

n@ = NA,

p = seq(@0.1, 0.9, 0.1),
dl = 0.01,

d2 = 0.01,

fd3 = 0.01,

means = FALSE,

waicscores = FALSE,
logscores = FALSE,

kloc = 0,
dmgs = TRUE,
rust = FALSE,

nrust = 1e+05,

predictordata = TRUE,

centering = TRUE,
debug = FALSE,
aderivs = TRUE

rfrechet_p2k1_cp(

)

to =
no = ,
di .01,
d2 .01,

fd3 = 0.01,

kloc = 0,

rust = FALSE,
mlcp = TRUE,
centering = TRUE,
debug = FALSE,
aderivs = TRUE

A,
A

(SIS R

dfrechet_p2k1_cp(

X,

t,

t0 = NA,
nd = NA,
y =X,

di = 0.01,
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fd3 = 0.01,
kloc = 0,
rust = FALSE,
nrust = 1000,
centering = TRUE,
debug = FALSE,
aderivs = TRUE
)
pfrechet_p2ki1_cp(
X,
t,
t0 = NA,
no = NA,
y =X,
dl = 09.01,
d2 = 0.01,
fd3 = 0.01,
kloc = 0,
rust = FALSE,
nrust = 1000,
centering = TRUE,
debug = FALSE,
aderivs = TRUE
)
tfrechet_p2k1_cp(
n ’
X ’
t,
dl = 9.01,
d2 = 0.01,
fd3 = 0.01,
kloc = 0,
debug = FALSE
)
Arguments
X a vector of training data values
a vector of predictors, such that length(t)=1length(x)
to a single value of the predictor (specify either t@ or n@ but not both)
no an index for the predictor (specify either t@ or n@ but not both)
p a vector of probabilities at which to generate predictive quantiles
di if aderivs=FALSE, the delta used for numerical derivatives with respect to the
first parameter
d2 if aderivs=FALSE, the delta used for numerical derivatives with respect to the

second parameter
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fd3

means

waicscores

logscores

kloc
dmgs

rust

nrust
predictordata
centering
debug

aderivs

mlcp

Value

183

if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the third parameter

logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)

logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC2 scores (longer runtime)

logical that indicates whether to run additional calculations and return leave-
one-out estimates of the log-score (much longer runtime, non-EVT models only)

the known location parameter

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical that indicates whether predictordata should be calculated
logical that indicates whether the predictor should be centered
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

g*x** returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.

e ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.

* cp_quantiles: predictive quantiles calculated using a calibrating prior.

¢ maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, qx*x* additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

¢ adjustedx: the detrended values of x

rx*x* returns a list containing the following:
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* ml_params: maximum likelihood estimates for the parameters.
* ml_deviates: random deviates calculated using maximum likelihood.
* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.
d*x** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_pdf: density function from maximum likelihood.

* cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_cdf: distribution function from maximum likelihood.

» cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
t**x* returns a list containing the following:

* theta_samples: random samples from the parameter posterior.

Details of the Model

The Frechet distribution with predictor has distribution function

s ) )

where x > p is the random variable, o = e ig the scale parameter, modelled as a function of

parameters a, b and predictor ¢, and A > 0 is the shape parameter. We consider ;1 to be known
(hence the k1 in the name).

The calibrating prior is given by the right Haar prior, which is
m(a,b) x 1

as given in Jewson et al. (2025).
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Optional Return Values
gx*x* optionally returns the following:
If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.
* waic2: the WAIC2 score for the calibrating prior model.
If logscores=TRUE:
* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)
* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)

If means=TRUE:

e ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible
* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
r*x*x optionally returns the following:
If rust=TRUE:
* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.
d*x*x optionally returns the following:
If rust=TRUE:
* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.
p**x* optionally returns the following:
If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.
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Details (homogeneous models)

This model is a homogeneous model, and the cp results are based on the right Haar prior. For
homogeneous models (models with sharply transitive transformation groups), a Bayesian prediction
based on the right Haar prior gives exact reliability, as shown by Severini et al. (2002), even when
the true parameters are unknown. This means that probabilities in the prediction will correspond to
frequencies of future outcomes in repeated trials (if the model is correct).

Maximum likelihood prediction does not give reliable predictions, even when the model is correct,
because it does not account for parameter uncertainty. In particular, maximum likelihood predic-
tions typically underestimate the tail in repeated trials.

The reliability of the maximum likelihood and the calibrating prior predictive quantiles produced by
the g****_cp routines in fitdistcp can be quantified using repeated simulations with the routine
reltest.

Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

* Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.
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See Also

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

Cauchy (cauchy),

Cauchy with linear predictor on the mean (cauchy_p1),

Exponential (exp),

Exponential with log-linear predictor on the scale (exp_p1),

Frechet with known location parameter (frechet_k1),

Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
Gamma (gamma),

Generalized normal (gnorm),

GEV (gev),

GEV with linear predictor on the location (gev_p1),

GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

GEV with linear predictor on the location and known shape (gev_p1k3),
GEV with known shape (gev_k3),

GPD with known location (gpd_k1),

Gumbel (gumbel),

Gumbel with linear predictor on the mean(gumbel_p1),

Half-normal (halfnorm),

Inverse gamma (invgamma),

Inverse Gaussian (invgauss),

t distribution with unknown location and scale and known DoF (1st_k3),

t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

Logistic (logis),

Logistic with linear predictor on the location (logis_p1),

Log-normal (1norm),

Log-normal with linear predictor on the location (1norm_p1),

Normal (norm),

Normal with linear predictor on the mean (norm_p1),

Pareto with known scale (pareto_k2),

Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
Uniform (unif),

Weibull (weibull),
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* Weibull with linear predictor on the scale (weibull_p?2),

The level of predictive probability matching achieved by the maximum likelihood and calibrating
prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,

Examples

#

# example 1
x=fitdistcp::d71frechet_p2k1_example_data_v1_x
tt=fitdistcp::d71frechet_p2kl_example_data_v1_t
p=c(1:9)/10

no=10

g=qfrechet_p2k1_cp(x,tt,nd0=n0@,p=p, rust=TRUE,nrust=1000)
xmin=min(g$ml_quantiles,q$cp_quantiles);
xmax=max(q$ml_quantiles,q$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”,xlim=c(xmin,xmax),
sub="(from gfrechet_p2kl_cp)",

main="Frechet w/ p2: quantile estimates”);
points(g$cp_quantiles,p,col="red"”,lwd=2)
points(g$ru_quantiles,p,col="blue")

frechet_p2k1_f1f DMGS equation 2.1, fl term

Description

DMGS equation 2.1, f1 term

Usage
frechet_p2k1_f1f(y, to, vi, di, v2, d2, v3, fd3, kloc)

Arguments
y a vector of values at which to calculate the density and distribution functions
t0 a single value of the predictor (specify either t@ or n@ but not both)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-

eter

kloc the known location parameter
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Value

Matrix

frechet_p2k1_f1fa The first derivative of the density

Description

The first derivative of the density

Usage

frechet_p2k1_fi1fa(x, t, vi1, v2, v3, kloc)

Arguments

X a vector of training data values

t a vector or matrix of predictors

v first parameter

v2 second parameter

v3 third parameter

kloc the known location parameter
Value

Vector

frechet_p2k1_f2f DMGS equation 2.1, f2 term

Description

DMGS equation 2.1, f2 term

Usage

frechet_p2ki1_f2f(y, to, v1, di1, v2, d2, v3, fd3, kloc)
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Arguments

y

t0

v

di

v2

d2

v3

fd3

kloc

Value

3d array

frechet_p2kl1_f2fa

a vector of values at which to calculate the density and distribution functions
a single value of the predictor (specify either t@ or n@ but not both)

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known location parameter

frechet_p2k1_f2fa

The second derivative of the density

Description

The second derivative of the density

Usage

frechet_p2ki1_f2fa(x, t, vi1, v2, v3, kloc)

Arguments
X
t
v
V2
v3
kloc

Value

Matrix

a vector of training data values
a vector or matrix of predictors
first parameter

second parameter

third parameter

the known location parameter
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frechet_p2k1_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description
First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

frechet_p2k1_fd(x, t, v1, v2, v3, v4)

Arguments

X a vector of training data values

t a vector or matrix of predictors

vl first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter
Value

Vector

frechet_p2k1_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

frechet_p2ki1_fdd(x, t, v1, v2, v3, v4)
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Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
Value
Matrix
frechet_p2k1_ldd Second derivative matrix of the normalized log-likelihood
Description

Second derivative matrix of the normalized log-likelihood

Usage

frechet_p2k1_1dd(x, t, v1, d1, v2, d2, v3, fd3, kloc)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kloc the known location parameter
Value

Square scalar matrix
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frechet_p2k1_ldda The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage

frechet_p2k1_ldda(x, t, v1, v2, v3, kloc)

Arguments

X a vector of training data values

t a vector or matrix of predictors

vi first parameter

v2 second parameter

v3 third parameter

kloc the known location parameter
Value

Matrix

frechet_p2k1_lddd Third derivative tensor of the normalized log-likelihood

Description

Third derivative tensor of the normalized log-likelihood

Usage
frechet_p2k1_1ddd(x, t, vi1, di1, v2, d2, v3, fd3, kloc)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter

d2 the delta used in the numerical derivatives with respect to the parameter
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v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kloc the known location parameter
Value

Cubic scalar array

frechet_p2k1_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage

frechet_p2k1_lddda(x, t, v1, v2, v3, kloc)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vi first parameter
v2 second parameter
v3 third parameter
kloc the known location parameter
Value

3d array
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frechet_p2k1_1lmn One component of the second derivative of the normalized log-
likelihood

Description

One component of the second derivative of the normalized log-likelihood

Usage

frechet_p2ki1_1Imn(x, t, v1, d1, v2, d2, v3, fd3, kloc, mm, nn)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kloc the known location parameter
mm an index for which derivative to calculate
nn an index for which derivative to calculate
Value
Scalar value
frechet_p2k1_1lmnp One component of the second derivative of the normalized log-

likelihood

Description

One component of the second derivative of the normalized log-likelihood

Usage

frechet_p2k1_1mnp(x, t, v1, d1, v2, d2, v3, fd3, kloc, mm, nn, rr)
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Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kloc the known location parameter
mm an index for which derivative to calculate
nn an index for which derivative to calculate
rr an index for which derivative to calculate
Value
Scalar value
frechet_p2k1_logf Logf for RUST

Description

Logf for RUST

Usage
frechet_p2k1_logf(params, x, t, kloc)

Arguments
params model parameters for calculating logf
X a vector of training data values
t a vector or matrix of predictors
kloc the known location parameter
Value

Scalar value.
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frechet_p2k1_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

frechet_p2k1_logfdd(x, t, v1, v2, v3, v4)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vl first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
Value
Matrix

frechet_p2k1_logfddd  Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

frechet_p2k1_logfddd(x, t, v1, v2, v3, v4)
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Arguments
X
t
v
v2
v3

v4

Value

3d array

a vector of training data values
a vector or matrix of predictors
first parameter

second parameter

third parameter

fourth parameter

frechet_p2kl_loglik

frechet_p2k1_loglik

observed log-likelihood function

Description

observed log-likelihood function

Usage

frechet_p2k1_loglik(vv, x, t, kloc)

Arguments

vV

kloc

Value

Scalar value.

parameters
a vector of training data values
a vector or matrix of predictors

the known location parameter
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frechet_p2k1_logscores
Log scores for MLE and RHP predictions calculated using leave-one-
out

Description

Log scores for MLE and RHP predictions calculated using leave-one-out

Usage

frechet_p2k1_logscores(logscores, x, t, d1, d2, fd3, kloc, aderivs = TRUE)

Arguments
logscores logical that indicates whether to return leave-one-out estimates estimates of the
log-score (much longer runtime)
X a vector of training data values
t a vector or matrix of predictors
di the delta used in the numerical derivatives with respect to the parameter
d2 the delta used in the numerical derivatives with respect to the parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kloc the known location parameter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value
Two scalars

frechet_p2k1_means frechet_kl distribution: RHP mean

Description

frechet_k1 distribution: RHP mean
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Usage
frechet_p2k1_means(
means,
to,
ml_params,
lddi,
lddd,
lambdad_rhp,
nx,
dim,
kloc
)
Arguments
means logical that indicates whether to return analytical estimates for the distribution
means (longer runtime)
t0 a single value of the predictor (specify either t@ or n@ but not both)
ml_params parameters
lddi inverse observed information matrix
1ddd third derivative of log-likelihood
lambdad_rhp derivative of the log RHP prior
nx length of training data
dim number of parameters
kloc the known location parameter
Value

Two scalars

frechet_p2k1_mulf DMGS equation 3.3, mul term

Description

DMGS equation 3.3, mul term

Usage

frechet_p2kl1_mulf(alpha, to, v1, di1, v2, d2, v3, fd3, kloc)
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Arguments
alpha
to
v
di
v2
d2
v3
fd3

kloc

Value

Matrix
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a vector of values of alpha (one minus probability)

a single value of the predictor (specify either t@ or n@ but not both)
first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known location parameter

frechet_p2k1_mulfa Minus the first derivative of the cdf, at alpha

Description

Minus the first derivative of the cdf, at alpha

Usage

frechet_p2k1_mulfa(alpha, t, v1, v2, v3, kloc)

Arguments
alpha
t
v
V2
v3
kloc

Value

Vector

a vector of values of alpha (one minus probability)
a vector or matrix of predictors

first parameter

second parameter

third parameter

the known location parameter
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frechet_p2k1_mu2f DMGS equation 3.3, mu2 term

Description

DMGS equation 3.3, mu2 term

Usage

frechet_p2k1_mu2f(alpha, te, v1, di, v2, d2, v3, fd3, kloc)

Arguments
alpha a vector of values of alpha (one minus probability)
t0 a single value of the predictor (specify either t@ or n@ but not both)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kloc the known location parameter
Value
3d array

frechet_p2k1_mu2fa Minus the second derivative of the cdf, at alpha

Description

Minus the second derivative of the cdf, at alpha

Usage

frechet_p2kl1_mu2fa(alpha, t, v1, v2, v3, kloc)
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Arguments
alpha
t
v
v2
v3
kloc

Value

Matrix
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a vector of values of alpha (one minus probability)
a vector or matrix of predictors

first parameter

second parameter

third parameter

the known location parameter

frechet_p2kl_pif

DMGS equation 2.1, pl term

Description

DMGS equation 2.1, p1 term

Usage

frechet_p2kl_pi1f(y, to, v1, di, v2, d2, v3, fd3, kloc)

Arguments

y
to
v
d1
v2
d2
v3
fd3

kloc

Value

Matrix

a vector of values at which to calculate the density and distribution functions
a single value of the predictor (specify either t@ or n@ but not both)

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known location parameter
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frechet_p2kl_pifa The first derivative of the cdf

Description

The first derivative of the cdf

Usage
frechet_p2k1_pifa(x, t, vi1, v2, v3, kloc)

Arguments

X a vector of training data values

t a vector or matrix of predictors

vi first parameter

v2 second parameter

v3 third parameter

kloc the known location parameter
Value

Vector

frechet_p2k1_p2f DMGS equation 2.1, p2 term

Description

DMGS equation 2.1, p2 term

Usage
frechet_p2k1_p2f(y, to, vi, di, v2, d2, v3, fd3, kloc)

Arguments
y a vector of values at which to calculate the density and distribution functions
to a single value of the predictor (specify either t@ or n@ but not both)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter

d2 the delta used in the numerical derivatives with respect to the parameter



frechet_p2kl_p2fa 205

v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kloc the known location parameter
Value
3d array
frechet_p2k1_p2fa The second derivative of the cdf
Description

The second derivative of the cdf

Usage

frechet_p2kl_p2fa(x, t, v1, v2, v3, kloc)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vi first parameter
v2 second parameter
v3 third parameter
kloc the known location parameter
Value

Matrix
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frechet_p2k1_pd First derivative of the cdf Created by Stephen Jewson using Deriv() by
Andrew Clausen and Serguei Sokol

Description
First derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and Serguei
Sokol

Usage

frechet_p2ki_pd(x, t, v1, v2, v3, v4)

Arguments

X a vector of training data values

t a vector or matrix of predictors

vl first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter
Value

Vector

frechet_p2k1_pdd Second derivative of the cdf Created by Stephen Jewson using Deriv()
by Andrew Clausen and Serguei Sokol

Description

Second derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

frechet_p2kl_pdd(x, t, v1, v2, v3, v4)
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Arguments
X
t
v
v2
v3
v4

Value

Matrix

a vector of training data values
a vector or matrix of predictors
first parameter

second parameter

third parameter

fourth parameter
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frechet_p2k1_predictordata

Predicted Parameter and Generalized Residuals

Description

Predicted Parameter and Generalized Residuals

Usage

frechet_p2kl_predictordata(predictordata, x, t, t@, params, kloc)

Arguments
predictordata
X
t
t0
params

kloc

Value

Two vectors

logical that indicates whether to calculate and return predictordata
a vector of training data values

a vector or matrix of predictors

a single value of the predictor (specify either t@ or n@ but not both)
model parameters for calculating logf

the known location parameter
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frechet_p2k1_waic Waic
Description
Waic
Usage
frechet_p2k1_waic(
waicscores,
X ’
t,
vlhat,
d1,
v2hat,
dz2,
v3hat,
fds,
kloc,
1ddi,
1ddd,
lambdad,
aderivs
)
Arguments
waicscores logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)
X a vector of training data values
t a vector or matrix of predictors
vlhat first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2hat second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3hat third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kloc the known location parameter
lddi inverse observed information matrix
lddd third derivative of log-likelihood
lambdad derivative of the log prior
aderivs logical for whether to use analytic derivatives (instead of numerical)
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Value

Two numeric values.

gamma_cp Gamma Distribution Predictions Based on a Calibrating Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model **** the five
functions are as follows:

» gx**%_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.

* rxx*xx_cp returns n random deviates from the predictive distribution.
o dx**xx_cp returns the predictive density function at the specified values y
* pxx*xx_cp returns the predictive distribution function at the specified values y

o txx*xx_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-

rithm.
Usage
ggamma_cp(
X ’
p = seq(0.1, 9.9, 0.1),
fd1 = 0.01,
fd2 = 0.01,

means = FALSE,
waicscores = FALSE,
logscores = FALSE,
dmgs = TRUE,

rust = FALSE,

nrust = le+05,
prior = "type 1",
debug = FALSE,
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aderivs = TRUE

)

rgamma_cp (
n,
X,
fd1 = 0.01,
fd2 = 0.01,
rust = FALSE,
mlcp = TRUE,

debug = FALSE,
aderivs = TRUE

)

dgamma_cp(

rust = FALSE,
nrust = 1000,
debug = FALSE,
aderivs = TRUE

)

pgamma_cp(
X,
y =X,
fd1 = 0.01,
fd2 = 0.01,
rust = FALSE,
nrust = 1000,
debug = FALSE,

aderivs = TRUE

)

tgamma_cp(n, x, fdl = 0.01, fd2 = 0.01, debug = FALSE)

Arguments

X

p
fd1

fd2

means

a vector of training data values
a vector of probabilities at which to generate predictive quantiles

if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the first parameter

if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the second parameter

logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)
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waicscores

logscores

dmgs

rust

nrust
prior
debug

aderivs

mlcp

Value
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logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC?2 scores (longer runtime)

logical that indicates whether to run additional calculations and return leave-
one-out estimates of the log-score (much longer runtime, non-EVT models only)

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical indicating which prior to use
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

g*x** returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.

* cp_quantiles: predictive quantiles calculated using a calibrating prior.

e maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, q*x*x* additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

e adjustedx: the detrended values of x

rx*x* returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_deviates: random deviates calculated using maximum likelihood.

* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.

d*x** returns a list containing the following:
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* ml_params: maximum likelihood estimates for the parameters.
* ml_pdf: density function from maximum likelihood.

» cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
e ml_cdf: distribution function from maximum likelihood.

e cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
t**x* returns a list containing the following:

* theta_samples: random samples from the parameter posterior.

Details of the Model
The Gamma distribution has probability density function

o
o°T(«)

flz;a,0) = o teme/o
where x > 0 is the random variable and o > 0,0 > 0 are the parameters.
The calibrating prior we use is

1

m(a, o) e

Optional Return Values

gx*x* optionally returns the following:
If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.

* waic2: the WAIC2 score for the calibrating prior model.
If logscores=TRUE:

* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)

* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)
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If means=TRUE:

* ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible

e cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.

r*x*x optionally returns the following:

If rust=TRUE:

* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.

d*x** optionally returns the following:

If rust=TRUE:

* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.

p**** optionally returns the following:
If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.

Details (homogeneous models)

This model is a homogeneous model, and the cp results are based on the right Haar prior. For
homogeneous models (models with sharply transitive transformation groups), a Bayesian prediction
based on the right Haar prior gives exact reliability, as shown by Severini et al. (2002), even when
the true parameters are unknown. This means that probabilities in the prediction will correspond to
frequencies of future outcomes in repeated trials (if the model is correct).

Maximum likelihood prediction does not give reliable predictions, even when the model is correct,
because it does not account for parameter uncertainty. In particular, maximum likelihood predic-
tions typically underestimate the tail in repeated trials.

The reliability of the maximum likelihood and the calibrating prior predictive quantiles produced by
the gx***_cp routines in fitdistcp can be quantified using repeated simulations with the routine
reltest.

Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.
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Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

See Also

Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

Cauchy (cauchy),

Cauchy with linear predictor on the mean (cauchy_p1),

Exponential (exp),

Exponential with log-linear predictor on the scale (exp_p1),

Frechet with known location parameter (frechet_k1),

Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
Gamma (gamma),

Generalized normal (gnorm),

GEV (gev),

GEV with linear predictor on the location (gev_p1),

GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

GEV with linear predictor on the location and known shape (gev_p1k3),
GEV with known shape (gev_k3),


https://ascmo.copernicus.org/articles/11/1/2025/
https://ascmo.copernicus.org/articles/11/1/2025/
http://www.fitdistcp.info/index.html
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¢ GPD with known location (gpd_k1),

¢ Gumbel (gumbel),

* Gumbel with linear predictor on the mean(gumbel_p1),

e Half-normal (halfnorm),

* Inverse gamma (invgamma),

¢ Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

* Logistic (logis),
* Logistic with linear predictor on the location (logis_p1),
* Log-normal (1norm),
* Log-normal with linear predictor on the location (1norm_p1),
¢ Normal (norm),
* Normal with linear predictor on the mean (norm_p1),
¢ Pareto with known scale (pareto_k2),
* Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
e Uniform (unif),
e Weibull (weibull),
* Weibull with linear predictor on the scale (weibull_p?2),
The level of predictive probability matching achieved by the maximum likelihood and calibrating

prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,

Examples

#

# example 1
x=fitdistcp::d100gamma_example_data_v1
p=c(1:9)/10

g=qgamma_cp(x,p, rust=TRUE,nrust=1000)
xmin=min(g$ml_quantiles,g$cp_quantiles);
xmax=max (q$ml_quantiles,q$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”, xlim=c(xmin,xmax),
sub="(from qgamma_cp)"”,

main="Gamma: quantile estimates”);
points(g$cp_quantiles,p,col="red"”,1lwd=2)
points(g$ru_quantiles,p,col="blue")
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gamma_f1f DMGS equation 3.3, fl term

Description

DMGS equation 3.3, f1 term

Usage
gamma_f1f(y, v1, fd1, v2, fd2)

Arguments
y a vector of values at which to calculate the density and distribution functions
vi first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
Matrix
gamma_f1fa The first derivative of the density
Description

The first derivative of the density

Usage

gamma_f1fa(x, v1, v2)

Arguments
X a vector of training data values
v first parameter
v2 second parameter

Value

Vector
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gamma_f2f DMGS equation 3.3, f2 term

Description

DMGS equation 3.3, f2 term

Usage
gamma_f2f(y, v1, fd1, v2, fd2)

Arguments
y a vector of values at which to calculate the density and distribution functions
vi first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
3d array
gamma_f2fa The second derivative of the density
Description

The second derivative of the density

Usage
gamma_f2fa(x, v1, v2)

Arguments
X a vector of training data values
v first parameter
v2 second parameter

Value

Matrix
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gamma_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description
First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
gamma_fd(x, v1, v2)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
Value
Vector
gamma_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol
Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
gamma_fdd(x, vi1, v2)

Arguments
X a vector of training data values
v first parameter
v2 second parameter

Value

Matrix
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gamma_gg Second derivative matrix of the expected log-likelihood

Description

Second derivative matrix of the expected log-likelihood

Usage
gamma_gg(vl, fdl, v2, fd2)

Arguments
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value

Square scalar matrix

gamma_gmn One component of the second derivative of the expected log-likelihood

Description

One component of the second derivative of the expected log-likelihood

Usage

gamma_gmn(alpha, v1, fd1, v2, fd2, mm, nn)

Arguments

alpha a vector of values of alpha (one minus probability)

v first parameter

fdi the fractional delta used in the numerical derivatives with respect to the param-
eter

v2 second parameter

fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter

mm an index for which derivative to calculate

nn an index for which derivative to calculate
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Value

Scalar value

gamma_ldd Second derivative matrix of the normalized log-likelihood

Description

Second derivative matrix of the normalized log-likelihood

Usage
gamma_ldd(x, v1, fd1, v2, fd2)

Arguments
X a vector of training data values
vi first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value

Square scalar matrix

gamma_ldda The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage
gamma_ldda(x, v1, v2)

Arguments
X a vector of training data values
v first parameter

v2 second parameter



gamma_lddd 221

Value

Matrix

gamma_lddd Third derivative tensor of the normalized log-likelihood

Description

Third derivative tensor of the normalized log-likelihood

Usage
gamma_lddd(x, v1, fd1, v2, fd2)

Arguments
X a vector of training data values
vi first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
Cubic scalar array
gamma_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage
gamma_lddda(x, v1, v2)

Arguments
X a vector of training data values
v first parameter

v2 second parameter
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Value
3d array
gamma_1lmn One component of the second derivative of the normalized log-
likelihood
Description

One component of the second derivative of the normalized log-likelihood

Usage

gamma_lmn(x, v1, fd1, v2, fd2, mm, nn)

Arguments

X
v1

fdi

v2
fd2

mm

nn

Value

Scalar value

a vector of training data values
first parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

an index for which derivative to calculate

an index for which derivative to calculate

gamma_lmnp

One component of the second derivative of the normalized log-
likelihood

Description

One component of the second derivative of the normalized log-likelihood

Usage

gamma_lmnp(x, v1, fd1, v2, fd2, mm, nn, rr)
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Arguments

X
v1

fd1

v2
fd2

mm
nn

rr

Value

Scalar value
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a vector of training data values
first parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

an index for which derivative to calculate
an index for which derivative to calculate

an index for which derivative to calculate

gamma_logf

Logf for RUST

Description

Logf for RUST

Usage

gamma_logf (params, x)

Arguments

params

X

Value

Scalar value.

model parameters for calculating logf

a vector of training data values
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gamma_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
gamma_logfdd(x, v1, v2)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
Value
Matrix
gamma_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol
Description

Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
gamma_logfddd(x, v1, v2)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter

Value

3d array
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gamma_loglik log-likelihood function

Description

log-likelihood function

Usage

gamma_loglik(vv, x)

Arguments

Y parameters

X a vector of training data values
Value

Scalar value.

gamma_logscores Log scores for MLE and RHP predictions calculated using leave-one-
out

Description

Log scores for MLE and RHP predictions calculated using leave-one-out

Usage

gamma_logscores(logscores, x, fdl = 0.01, fd2 = 0.01, aderivs = TRUE)

Arguments
logscores logical that indicates whether to return leave-one-out estimates estimates of the
log-score (much longer runtime)
X a vector of training data values
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

Two scalars
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gamma_means MLE and RHP predictive means

Description

MLE and RHP predictive means

Usage

gamma_means(means, ml_params, lddi, lddd, lambdad_cp, nx, dim = 2)

Arguments
means logical that indicates whether to return analytical estimates for the distribution
means (longer runtime)
ml_params parameters
1ddi inverse observed information matrix
1ddd third derivative of log-likelihood
lambdad_cp derivative of the log prior
nx length of training data
dim number of parameters
Value

Two scalars

gamma_mulf DMGS equation 3.3, mul term

Description

DMGS equation 3.3, mul term

Usage
gamma_mulf(alpha, v1, fd1, v2, fd2)

Arguments
alpha a vector of values of alpha (one minus probability)
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-

eter
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Value

Matrix

gamma_mu2f DMGS equation 3.3, mu2 term

Description

DMGS equation 3.3, mu2 term

Usage

gamma_mu2f (alpha, v1, fd1, v2, fd2)

Arguments
alpha a vector of values of alpha (one minus probability)
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
3d array
gamma_p1f DMGS equation 3.3, pl term
Description

DMGS equation 3.3, pl term

Usage

gamma_p1f(y, vi1, fd1, v2, fd2)
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Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
Value
Matrix
gamma_p2f DMGS equation 3.3, p2 term
Description

DMGS equation 3.3, p2 term

Usage

gamma_p2f(y, v1, fd1, v2, fd2)

Arguments

y

v1

fdi
v2

fd2

Value

3d array

a vector of values at which to calculate the density and distribution functions
first parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter
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gamma_waic Waic

Description

Waic

Usage

gamma_waic(waicscores, x, vilhat, fd1, v2hat, fd2, 1ddi, lddd, lambdad, aderivs)

Arguments
waicscores logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)
X a vector of training data values
vlhat first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2hat second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
1ddi inverse observed information matrix
1ddd third derivative of log-likelihood
lambdad derivative of the log prior
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

Two numeric values.

gev_checkmle Check MLE

Description

Check MLE

Usage

gev_checkmle(ml_params, minxi, maxxi)
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Arguments
ml_params parameters
minxi minimum value of shape parameter xi
maxxi maximum value of shape parameter xi
Value

No return value (just a message to the screen).

gev_cp Generalized Extreme Value Distribution, Predictions Based on a Cal-
ibrating Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model ***x the five
functions are as follows:

» gx**x_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.

* r*x%x_cp returns n random deviates from the predictive distribution.
» dx**x_cp returns the predictive density function at the specified values y
* px**xx_cp returns the predictive distribution function at the specified values y

* tx%*xx_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-
rithm.

Usage

ggev_cp(
X!
p = seq(@0.1, 0.9, 0.1),
ics = c(0, 0, 0),
dl = 0.01,
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fd2 = 0.01,

d3 = 9.01,

fdalpha = 0.01,
minxi = -1,

maxxi = 999,

means = FALSE,
waicscores = FALSE,
extramodels = FALSE,
pdf = FALSE,
customprior
dmgs = TRUE,
rust = FALSE,
nrust = le+05,
pwm = FALSE,
debug = FALSE,
aderivs = TRUE

o,

)
rgev_cp(
n,
X,
ics = c(0, 0, 0),
dl = 0.01,
fd2 = 0.01,
d3 = 0.01,
minxi = -0.45,

maxxi = 0.45,
extramodels = FALSE,
rust = FALSE,

mlcp = TRUE,

debug = FALSE,
aderivs = TRUE

)

dgev_cp(
X,
y =X,
ics = c(0, 0, 0),
dl = 0.01,
fd2 = 0.01,
d3 = 0.01,
minxi = -0.45,
maxxi = 0.45,
extramodels = FALSE,
rust = FALSE,
nrust = 1000,

debug = FALSE,
aderivs = TRUE

231
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)
pgev_cp(
X7
y = X}
ics = c(0, 0, 0),
dl = 0.01,
fd2 = 0.01,
d3 = 0.01,
minxi = -0.45,

maxxi = 0.45,
extramodels = FALSE,

rust = FALSE,
nrust = 1000,
debug = FALSE,
aderivs = TRUE
)
tgev_cp(
n,
X,
ics = c(0, 0, 0),
dl = 0.01,
fd2 = 0.01,
d3 = 0.01,

extramodels = FALSE,
debug = FALSE

)
Arguments

X a vector of training data values

p a vector of probabilities at which to generate predictive quantiles

ics initial conditions for the maximum likelihood search

d1 if aderivs=FALSE, the delta used for numerical derivatives with respect to the
first parameter

fd2 if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the second parameter

d3 if aderivs=FALSE, the delta used for numerical derivatives with respect to the
third parameter

fdalpha if pdf=TRUE, the fractional delta used for numerical derivatives with respect to
probability, for calculating the pdf as a function of quantiles

minxi the minimum allowed value of the shape parameter (decrease with caution)

maxxi the maximum allowed value of the shape parameter (increase with caution)

means logical that indicates whether to run additional calculations and return analytical

estimates for the distribution means (longer runtime)
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waicscores

extramodels

pdf

customprior

dmgs

rust

nrust
pwm
debug

aderivs

mlcp

Value

233

logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC?2 scores (longer runtime)

logical that indicates whether to run additional calculations and add three addi-
tional prediction models (longer runtime)

logical that indicates whether to run additional calculations and return density
functions evaluated at quantiles specified by the input probabilities (longer run-
time)

a custom value for the slope of the log prior at the maxlik estimate

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical for whether to include PWM results (longer runtime)
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

gx*x* returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.

* cp_quantiles: predictive quantiles calculated using a calibrating prior.

e maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, g*x*** additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

e adjustedx: the detrended values of x

r*x%* returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_deviates: random deviates calculated using maximum likelihood.
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* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.
d*x** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
e ml_pdf: density function from maximum likelihood.

* cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

e cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_cdf: distribution function from maximum likelihood.

» cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
t**x returns a list containing the following:

e theta_samples: random samples from the parameter posterior.

Details of the Model

The GEV distribution has distribution function

F(x7 M, 0, g) = exp (_t(x7 M, 0o, 5))

where

EEAY A
oo g) = 4 L ECRRL ire 20
exp (—%£) if&E=0
where z is the random variable and p, 0 > 0, £ are the parameters.

The calibrating prior we use is given by

1
7T(,U,7 a, 5) X E

as given in Jewson et al. (2025).

The code will stop with an error if the input data gives a maximum likelihood value for the shape pa-
rameter that lies outside the range (minxi,maxxi), since outside this range there may be numerical
problems. Such values seldom occur in real observed data for maxima.
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Optional Return Values
gx*x* optionally returns the following:
If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.
* waic2: the WAIC2 score for the calibrating prior model.
If logscores=TRUE:
* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)
* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)

If means=TRUE:

e ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible
* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
r*x*x optionally returns the following:
If rust=TRUE:
* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.
d*x*x optionally returns the following:
If rust=TRUE:
* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.
p**x* optionally returns the following:
If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.



236 gev_cp

Optional Return Values (EVT models only)

gx*x* optionally returns the following, for EVT models only:

e cp_pdf: the density function at quantiles corresponding to input probabilities p. We pro-
vide this for EVD models, because direct estimation of the density function using the DMGS
density equation is not possible.

Optional Return Values (some EVT models only)

q**** optionally returns the following, for some EVT models only:

If extramodels=TRUE:

e flat_quantiles: predictive quantiles calculated from Bayesian integration with a flat prior.

e rh_ml_quantiles: predictive quantiles calculated from Bayesian integration with the cali-
brating prior, and the maximmum likelihood estimate for the shape parameter.

* jp_quantiles: predictive quantiles calculated from Bayesian integration with Jeffreys’ prior.

rx*x* additionally returns the following, for some EVT models only:
If extramodels=TRUE:
e flat_deviates: predictive random deviates calculated using a Bayesian analysis with a flat
prior.

e rh_ml_deviates: predictive random deviates calculated using a Bayesian analysis with the
RHP-MLE prior.

* jp_deviates: predictive random deviates calculated using a Bayesian analysis with the JP.

d*x** additionally returns the following, for some EVT models only:

If extramodels=TRUE:

* flat_pdf: predictive density function from a Bayesian analysis with the flat prior.
e rh_ml_pdf: predictive density function from a Bayesian analysis with the RHP-MLE prior.

* jp_pdf: predictive density function from a Bayesian analysis with the JP.

p**x* additionally returns the following, for some EVT models only:

If extramodels=TRUE:

» flat_cdf: predictive distribution function from a Bayesian analysis with the flat prior.

* rh_ml_cdf: predictive distribution function from a Bayesian analysis with the RHP-MLE
prior.

* jp_cdf: predictive distribution function from a Bayesian analysis with the JP.

These additional predictive distributions are included for comparison with the calibrating prior
model. They generally give less good reliability than the calibrating prior.
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Details (non-homogeneous models)

This model is not homogeneous, i.e. it does not have a transitive transformation group, and so there
is no right Haar prior and no method for generating exactly reliable predictions. The cp outputs are
generated using a prior that has been shown in tests to give reasonable reliability. See Jewson et
al. (2024) for discussion of the prior and test results. For non-homogeneous models, reliability is
generally poor for small sample sizes (<20), but is still much better than maximum likelihood. For
small sample sizes, it is advisable to check the level of reliability using the routine reltest.

Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

» Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.

See Also

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

* Cauchy (cauchy),


https://ascmo.copernicus.org/articles/11/1/2025/
https://ascmo.copernicus.org/articles/11/1/2025/
http://www.fitdistcp.info/index.html
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* Cauchy with linear predictor on the mean (cauchy_p1),

» Exponential (exp),

» Exponential with log-linear predictor on the scale (exp_p1),

* Frechet with known location parameter (frechet_k1),

* Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
¢ Gamma (gamma),

¢ Generalized normal (gnorm),

¢ GEV (gev),

* GEV with linear predictor on the location (gev_p1),

* GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

* GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

* GEV with linear predictor on the location and known shape (gev_p1k3),
* GEV with known shape (gev_k3),

e GPD with known location (gpd_k1),

e Gumbel (gumbel),

* Gumbel with linear predictor on the mean(gumbel_p1),

¢ Half-normal (halfnorm),

* Inverse gamma (invgamma),

* Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

 Logistic (logis),
* Logistic with linear predictor on the location (logis_p1),
* Log-normal (1norm),
* Log-normal with linear predictor on the location (1norm_p1),
¢ Normal (norm),
* Normal with linear predictor on the mean (norm_p1),
¢ Pareto with known scale (pareto_k2),
* Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
e Uniform (unif),
e Weibull (weibull),
* Weibull with linear predictor on the scale (weibull_p?2),
The level of predictive probability matching achieved by the maximum likelihood and calibrating

prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,
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Examples

#

# example 1

shape=-0.4
x=fitdistcp::d110gev_example_data_v1
p=c(1:9)/10
g=qggev_cp(x,p,rust=TRUE,nrust=1000)
xmin=min(q$ml_quantiles,q$cp_quantiles);
xmax=max(q$ml_quantiles,q$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”,xlim=c(xmin,xmax),
sub="(from qgev_cp)",

main="GEVD: quantile estimates”);
points(g$cp_quantiles,p,col="red",lwd=2)
points(g$ru_quantiles,p,col="blue”,lwd=2)
cat(” ml_params=",q$ml_params,"\n")

gev_f1f DMGS equation 3.3, f1 term

Description

DMGS equation 3.3, f1 term

Usage

gev_f1f(y, v1, di1, v2, fd2, v3, d3)

Arguments
y a vector of values at which to calculate the density and distribution functions
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
Value

Matrix
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gev_f1fa The first derivative of the density

Description

The first derivative of the density

Usage

gev_fi1fa(x, v1, v2, v3)

Arguments

X a vector of training data values

v first parameter

v2 second parameter

v3 third parameter
Value

Vector

gev_f2f DMGS equation 3.3, f2 term

Description

DMGS equation 3.3, f2 term

Usage
gev_f2f(y, v1, d1, v2, fd2, v3, d3)

Arguments
y a vector of values at which to calculate the density and distribution functions
vl first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
v3 third parameter

d3 the delta used in the numerical derivatives with respect to the parameter
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Value

3d array

gev_f2fa The second derivative of the density

Description

The second derivative of the density

Usage
gev_f2fa(x, v1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
v3 third parameter
Value
Matrix
gev_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol
Description

First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
gev_fd(x, v1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter

v3 third parameter
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gev_ggd_mev
Value
Vector
gev_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol
Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_fdd(x, v1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
v3 third parameter
Value
Matrix
gev_ggd_mev Derivative of expected information matrix, based on MEV routine
gev.infomat
Description

Derivative of expected information matrix, based on MEV routine gev.infomat

Usage

gev_ggd_mev(vl, di1, v2, fd2, v3, d3)
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Arguments

v
di
V2
fd2

v3
d3

Value

243

first parameter
the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

third parameter

the delta used in the numerical derivatives with respect to the parameter

Square scalar matrix

gev_ggid_mev

Derivative of inverse expected information matrix, based on MEV rou-
tine gev.infomat

Description

Derivative of inverse expected information matrix, based on MEV routine gev.infomat

Usage

gev_ggid_mev(vl, d1, v2, fd2, v3, d3)

Arguments

v
di
v2
fd2

v3
d3

Value

Cubic scalar array

first parameter
the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

third parameter

the delta used in the numerical derivatives with respect to the parameter
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gev_k12_ppm_minusloglik

gev_k12_ppm_minusloglik

Temporary dummy for one of the ppm models

Description

Temporary dummy for one of the ppm models

Usage

gev_k12_ppm_minusloglik(x)

Arguments

X

Value

a vector of training data values

gx*x* returns a list containing at least the following:

ml_params: maximum likelihood estimates for the parameters.
ml_value: the value of the log-likelihood at the maximum.

standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

ml_quantiles: quantiles calculated using maximum likelihood.
cp_quantiles: predictive quantiles calculated using a calibrating prior.
maic: the AIC score for the maximum likelihood model, times -1/2.

cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, qx*x* additionally returns:

predictedparameter: the estimated value for parameter, as a function of the predictor.

adjustedx: the detrended values of x

rx*x* returns a list containing the following:

ml_params: maximum likelihood estimates for the parameters.
ml_deviates: random deviates calculated using maximum likelihood.
cp_deviates: predictive random deviates calculated using a calibrating prior.

cp_method: a comment about the method used to generate the cp prediction.

d*x** returns a list containing the following:

ml_params: maximum likelihood estimates for the parameters.

ml_pdf: density function from maximum likelihood.
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* cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

e ml_params: maximum likelihood estimates for the parameters.
* ml_cdf: distribution function from maximum likelihood.

» cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
t** returns a list containing the following:

* theta_samples: random samples from the parameter posterior.

gev_k3_cp Generalized Extreme Value Distribution with Known Shape, Predic-
tions Based on a Calibrating Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model ***x the five
functions are as follows:

» g**x*_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.

e rxx*xx_cp returns n random deviates from the predictive distribution.
* d*x*x_cp returns the predictive density function at the specified values y
* pxx*xx_cp returns the predictive distribution function at the specified values y

e txx%x_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-
rithm.
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Usage

ggev_k3_cp(
X!
p = seq(@0.1, 0.9, 0.1),
dl = 0.01,
fd2 = 0.01,
fdalpha = 0.01,
kshape = 0,
means = FALSE,
waicscores = FALSE,

pdf = FALSE,
dmgs = TRUE,
rust = FALSE,
nrust = le+05,
debug = FALSE,
aderivs = TRUE
)
rgev_k3_cp(
n,
X,
dl = 0.01,
fd2 = 0.01,
kshape = 0,
rust = FALSE,
mlcp = TRUE,

debug = FALSE,
aderivs = TRUE

)

dgev_k3_cp(
X,
y =X,
dl = 0.01,
fd2 = 0.01,
kshape = 0,
rust = FALSE,
nrust = 1000,

debug = FALSE,
aderivs = TRUE

)

pgev_k3_cp(
X,
y = X,
dl = 0.01,
fd2 = 0.01,
kshape = 0,
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rust = FALSE,
nrust = 1000,
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debug = FALSE,

aderivs

)

TRUE

tgev_k3_cp(n, x, d1 = 0.01, fd2 = 0.01, kshape = @, debug = FALSE)

Arguments
X

p
di

fd2

fdalpha

kshape

means

waicscores

pdf

dmgs

rust

nrust
debug

aderivs

mlcp

Value

a vector of training data values
a vector of probabilities at which to generate predictive quantiles

if aderivs=FALSE, the delta used for numerical derivatives with respect to the
first parameter

if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the second parameter

if pdf=TRUE, the fractional delta used for numerical derivatives with respect to
probability, for calculating the pdf as a function of quantiles

the known shape parameter

logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)

logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC?2 scores (longer runtime)

logical that indicates whether to run additional calculations and return density
functions evaluated at quantiles specified by the input probabilities (longer run-
time)

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

g**** returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.
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* ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.
* cp_quantiles: predictive quantiles calculated using a calibrating prior.
e maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, g#*** additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

e adjustedx: the detrended values of x

r**%* returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_deviates: random deviates calculated using maximum likelihood.
* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.
d*x** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_pdf: density function from maximum likelihood.

» cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_cdf: distribution function from maximum likelihood.

» cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

e cp_method: a comment about the method used to generate the cp prediction.
t**x* returns a list containing the following:

* theta_samples: random samples from the parameter posterior.
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Details of the Model

The GEV distribution with known shape has distribution function

F(x;p, o) = exp (—t(z; p1,0))

where e
TR i
i) = { [ ECENTE ire0
exp (—*F) ifE=0
where z is the random variable, 1, > 0 are the parameters and & is known (hence the k3 in the
name).

The calibrating prior we use is given by

7T(/u'7 J) x ;

as given in Jewson et al. (2025).

Optional Return Values

g**x* optionally returns the following:
If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.

* waic2: the WAIC2 score for the calibrating prior model.
If logscores=TRUE:

* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)
* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)
If means=TRUE:

e ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible
* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
rx*x* optionally returns the following:
If rust=TRUE:
* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.
d*x*x optionally returns the following:
If rust=TRUE:
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e ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.

p**** optionally returns the following:

If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.

Optional Return Values (EVT models only)

g*x*** optionally returns the following, for EVT models only:

* cp_pdf: the density function at quantiles corresponding to input probabilities p. We pro-
vide this for EVD models, because direct estimation of the density function using the DMGS
density equation is not possible.

Details (homogeneous models)

This model is a homogeneous model, and the cp results are based on the right Haar prior. For
homogeneous models (models with sharply transitive transformation groups), a Bayesian prediction
based on the right Haar prior gives exact reliability, as shown by Severini et al. (2002), even when
the true parameters are unknown. This means that probabilities in the prediction will correspond to
frequencies of future outcomes in repeated trials (if the model is correct).

Maximum likelihood prediction does not give reliable predictions, even when the model is correct,
because it does not account for parameter uncertainty. In particular, maximum likelihood predic-
tions typically underestimate the tail in repeated trials.

The reliability of the maximum likelihood and the calibrating prior predictive quantiles produced by
the gx***_cp routines in fitdistcp can be quantified using repeated simulations with the routine
reltest.

Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.
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For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

See Also

Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

Cauchy (cauchy),

Cauchy with linear predictor on the mean (cauchy_p1),

Exponential (exp),

Exponential with log-linear predictor on the scale (exp_p1),

Frechet with known location parameter (frechet_k1),

Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
Gamma (gamma),

Generalized normal (gnorm),

GEV (gev),

GEV with linear predictor on the location (gev_p1),

GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

GEV with linear predictor on the location and known shape (gev_p1k3),
GEV with known shape (gev_k3),

GPD with known location (gpd_k1),

Gumbel (gumbel),

Gumbel with linear predictor on the mean(gumbel_p1),


https://ascmo.copernicus.org/articles/11/1/2025/
https://ascmo.copernicus.org/articles/11/1/2025/
http://www.fitdistcp.info/index.html
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¢ Half-normal (halfnorm),

* Inverse gamma (invgamma),

¢ Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

* Logistic (logis),

* Logistic with linear predictor on the location (logis_p1),

* Log-normal (1norm),

* Log-normal with linear predictor on the location (1norm_p1),

¢ Normal (norm),

* Normal with linear predictor on the mean (norm_p1),

¢ Pareto with known scale (pareto_k2),

* Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
¢ Uniform (unif),

¢ Weibull (weibull),

* Weibull with linear predictor on the scale (weibull_p?2),

The level of predictive probability matching achieved by the maximum likelihood and calibrating
prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,

Examples

#

# example 1

kshape=-0.4

x=fitdistcp::d53gev_k3_example_data_v1

p=c(1:9)/10

g=qgev_k3_cp(x,p, kshape=kshape, rust=TRUE,nrust=1000)
xmin=min(q$ml_quantiles,q$cp_quantiles);

xmax=max (g$ml_quantiles,q$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”,xlim=c(xmin,xmax),
sub="(from qgev_k3_cp)",

main="GEV: quantile estimates”);
points(g$cp_quantiles,p,col="red", lwd=2)
points(g$ru_quantiles,p,col="blue")
muhat=q$ml_params[1]

sghat=q$ml_params[2]

xi=kshape
gmax=ifelse(xi<@,muhat-sghat/xi,Inf)
cat(” ml_params=",q$ml_params,"”,")

cat(” gmax=",gmax,"\n")
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gev_k3_f1f DMGS equation 3.3, fl term

Description

DMGS equation 3.3, fl term

Usage
gev_k3_f1f(y, v1, d1, v2, fd2, kshape)

Arguments
y a vector of values at which to calculate the density and distribution functions
vl first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
Value
Matrix
gev_k3_f1fa The first derivative of the density
Description

The first derivative of the density

Usage
gev_k3_f1fa(x, v1, v2, kshape)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
kshape the known shape parameter
Value

Vector
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gev_k3_f2f DMGS equation 3.3, f2 term

Description

DMGS equation 3.3, f2 term

Usage
gev_k3_f2f(y, v1, d1, v2, fd2, kshape)

Arguments
y a vector of values at which to calculate the density and distribution functions
vl first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
Value
3d array
gev_k3_f2fa The second derivative of the density
Description

The second derivative of the density

Usage
gev_k3_f2fa(x, v1, v2, kshape)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
kshape the known shape parameter
Value

Matrix
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gev_k3_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description
First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
gev_k3_fd(x, v1, v2, v3)

Arguments
X a vector of training data values
vl first parameter
v2 second parameter
v3 third parameter
Value
Vector
gev_k3_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol
Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
gev_k3_fdd(x, v1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
v3 third parameter
Value

Matrix
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gev_k3_1ldd Second derivative matrix of the normalized log-likelihood

Description

Second derivative matrix of the normalized log-likelihood

Usage
gev_k3_ldd(x, v1, d1, v2, fd2, kshape)

Arguments
X a vector of training data values
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
Value

Square scalar matrix

gev_k3_ldda The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage
gev_k3_ldda(x, v1, v2, kshape)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
kshape the known shape parameter
Value

Matrix
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gev_k3_1lddd Third derivative tensor of the normalized log-likelihood

Description

Third derivative tensor of the normalized log-likelihood

Usage
gev_k3_lddd(x, v1, d1, v2, fd2, kshape)

Arguments
X a vector of training data values
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
Value
Cubic scalar array
gev_k3_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage
gev_k3_lddda(x, v1, v2, kshape)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
kshape the known shape parameter
Value

3d array



258 gev_k3_Imnp

gev_k3_1mn One component of the second derivative of the normalized log-
likelihood

Description

One component of the second derivative of the normalized log-likelihood

Usage

gev_k3_1lmn(x, v1, d1, v2, fd2, kshape, mm, nn)

Arguments
X a vector of training data values
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
mm an index for which derivative to calculate
nn an index for which derivative to calculate
Value
Scalar value
gev_k3_1mnp One component of the third derivative of the normalized log-likelihood

Description

One component of the third derivative of the normalized log-likelihood

Usage

gev_k3_lmnp(x, v1, d1, v2, fd2, kshape, mm, nn, rr)
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Arguments
X a vector of training data values
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
mm an index for which derivative to calculate
nn an index for which derivative to calculate
rr an index for which derivative to calculate
Value
Scalar value
gev_k3_logf Logf for RUST

Description

Logf for RUST

Usage

gev_k3_logf(params, x, kshape)

Arguments
params model parameters for calculating logf
X a vector of training data values
kshape the known shape parameter

Value

Scalar value.
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gev_k3_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
gev_k3_logfdd(x, v1, v2, v3)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter
v3 third parameter
Value
Matrix
gev_k3_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol
Description

Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
gev_k3_logfddd(x, vi1, v2, v3)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter
v3 third parameter
Value

3d array
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gev_k3_loglik

log-likelihood function

Description

log-likelihood function

Usage

gev_k3_loglik(vv, x, kshape)

Arguments

‘A%
X

kshape

Value

Scalar value.

parameters
a vector of training data values

the known shape parameter

gev_k3_means

MLE and RHP means

Description

MLE and RHP means

Usage

gev_k3_means(means, ml_params, lddi, lddd, lambdad_rhp, nx, dim = 2, kshape)

Arguments

means

ml_params
lddi

lddd
lambdad_rhp
nx

dim

kshape

logical that indicates whether to return analytical estimates for the distribution

means (longer runtime)

parameters

inverse observed information matrix
third derivative of log-likelihood
derivative of the log RHP prior
length of training data

number of parameters

the known shape parameter
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Value

Two scalars

gev_k3 mulfa

gev_k3_mulf

DMGS equation 3.3, mul term

Description

DMGS equation 3.3, mul term

Usage

gev_k3_mulf(alpha, v1, d1, v2, fd2, kshape)

Arguments

alpha
vl

d1

v2
fd2

kshape

Value

Matrix

a vector of values of alpha (one minus probability)

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known shape parameter

gev_k3_mulfa

Minus the first derivative of the cdf, at alpha

Description

Minus the first derivative of the cdf, at alpha

Usage

gev_k3_mulfa(alpha, v1, v2, kshape)

Arguments
alpha
v
v2
kshape

a vector of values of alpha (one minus probability)
first parameter
second parameter

the known shape parameter
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Value

Vector

gev_k3_mu2f DMGS equation 3.3, mu2 term

Description

DMGS equation 3.3, mu2 term

Usage
gev_k3_mu2f(alpha, v1, d1, v2, fd2, kshape)

Arguments
alpha a vector of values of alpha (one minus probability)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
Value
3d array
gev_k3_mu2fa Minus the second derivative of the cdf, at alpha
Description

Minus the second derivative of the cdf, at alpha

Usage
gev_k3_mu2fa(alpha, v1, v2, kshape)

Arguments
alpha a vector of values of alpha (one minus probability)
vi first parameter
v2 second parameter

kshape the known shape parameter
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Value
Matrix
gev_k3_pd First derivative of the cdf Created by Stephen Jewson using Deriv() by
Andrew Clausen and Serguei Sokol
Description

First derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and Serguei
Sokol

Usage
gev_k3_pd(x, v1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
v3 third parameter
Value
Vector
gev_k3_pdd Second derivative of the cdf Created by Stephen Jewson using Deriv()
by Andrew Clausen and Serguei Sokol
Description

Second derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
gev_k3_pdd(x, v1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter

v3 third parameter
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Value

Matrix
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gev_k3_waic

Waic

Description

Waic

Usage

gev_k3_waic(
waicscores,
X,
vlhat,
d1,
v2hat,
fd2,
kshape,
lddi,
lddd,
lambdad,
aderivs

Arguments

waicscores

X
vlhat
di
v2hat
fd2

kshape
lddi
lddd
lambdad

aderivs

Value

logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)

a vector of training data values

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known shape parameter

inverse observed information matrix

third derivative of log-likelihood

derivative of the log prior

logical for whether to use analytic derivatives (instead of numerical)

Two numeric values.
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gev_1d12a The combined derivative of the normalized log-likelihood

Description

The combined derivative of the normalized log-likelihood

Usage
gev_ld12a(x, vi1, v2, v3)

Arguments

X a vector of training data values

v first parameter

v2 second parameter

v3 third parameter
Value

3d array

gev_lda The first derivative of the normalized log-likelihood

Description

The first derivative of the normalized log-likelihood

Usage
gev_lda(x, v1, v2, v3)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter
v3 third parameter
Value

Vector
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gev_ldd Second derivative matrix of the normalized log-likelihood

Description

Second derivative matrix of the normalized log-likelihood

Usage
gev_1dd(x, v1, d1, v2, fd2, v3, d3)

Arguments
X a vector of training data values
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
Value

Square scalar matrix

gev_ldda The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage
gev_ldda(x, v1, v2, v3)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter

v3 third parameter
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Value

Matrix

gev_lddd Third derivative tensor of the normalized log-likelihood

Description

Third derivative tensor of the normalized log-likelihood

Usage
gev_1lddd(x, v1, d1, v2, fd2, v3, d3)

Arguments

X a vector of training data values

v first parameter

di the delta used in the numerical derivatives with respect to the parameter

v2 second parameter

fd2 the fractional delta used in the numerical derivatives with respect to the param-

eter

v3 third parameter

d3 the delta used in the numerical derivatives with respect to the parameter
Value

Cubic scalar array

gev_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage

gev_lddda(x, v1, v2, v3)
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Arguments
X a vector of training data values
v first parameter
v2 second parameter
v3 third parameter
Value
3d array
gev_1mn One component of the second derivative of the normalized log-
likelihood
Description

One component of the second derivative of the normalized log-likelihood

Usage

gev_1lmn(x, v1, d1, v2, fd2, v3, d3, mm, nn)

Arguments
X a vector of training data values
vl first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
mm an index for which derivative to calculate
nn an index for which derivative to calculate
Value

Scalar value



270

gev_logf

gev_1lmnp

One component of the second derivative of the normalized log-
likelihood

Description

One component of the second derivative of the normalized log-likelihood

Usage

gev_1lmnp(x, v1,

Arguments

X
v
di
v2
fd2

v3
d3
mm
nn

rr

Value

Scalar value

d1, v2, fd2, v3, d3, mm, nn, rr)

a vector of training data values

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

third parameter

the delta used in the numerical derivatives with respect to the parameter
an index for which derivative to calculate

an index for which derivative to calculate

an index for which derivative to calculate

gev_logf

Logf for RUST

Description

Logf for RUST

Usage
gev_logf (params

) X)
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Arguments
params model parameters for calculating logf
X a vector of training data values

Value

Scalar value.

gev_logfd First derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description

First derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
gev_logfd(x, v1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
v3 third parameter
Value
Vector
gev_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol
Description

Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
gev_logfdd(x, vi1, v2, v3)
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Arguments
X a vector of training data values
v first parameter
v2 second parameter
v3 third parameter
Value
Matrix
gev_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol
Description

Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

gev_logfddd(x, v1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
v3 third parameter
Value

3d array
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gev_loglik log-likelihood function

Description

log-likelihood function

Usage
gev_loglik(vv, x)

Arguments

Y% parameters

X a vector of training data values
Value

Scalar value.

gev_means Analytical Expressions for Predictive Means RHP mean based on the
expectation of DMGS equation 2.1

Description

Analytical Expressions for Predictive Means RHP mean based on the expectation of DMGS equa-
tion 2.1

Usage

gev_means(
means,
ml_params,
lddi,
lddi_k3,
lddd,
lddd_k3,
lambdad_f1lat,
lambdad_rh_mle,
lambdad_rh_flat,
lambdad_jp,
lambdad_custom,
nx,
dim = 3
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Arguments
means logical that indicates whether to return analytical estimates for the distribution
means (longer runtime)
ml_params parameters
1ddi inverse observed information matrix
1ddi_k3 inverse observed information matrix, fixed shape parameter
lddd third derivative of log-likelihood
1ddd_k3 third derivative of log-likelihood, fixed shape parameter

lambdad_flat  derivative of the log flat prior

lambdad_rh_mle derivative of the log CRHP-MLE prior
lambdad_rh_flat
derivative of the log CRHP-FLAT prior

lambdad_jp derivative of the log JP prior
lambdad_custom custom value of the derivative of the log prior
nx length of training data
dim number of parameters

Value

Two scalars

gev_mulf DMGS equation 3.3, mul term

Description

DMGS equation 3.3, mul term

Usage
gev_mulf(alpha, v1, di1, v2, fd2, v3, d3)

Arguments
alpha a vector of values of alpha (one minus probability)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
v3 third parameter

d3 the delta used in the numerical derivatives with respect to the parameter
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Value

Matrix

gev_mulfa Minus the first derivative of the cdf, at alpha

Description

Minus the first derivative of the cdf, at alpha

Usage
gev_mulfa(alpha, v1, v2, v3)

Arguments

alpha a vector of values of alpha (one minus probability)

vl first parameter

v2 second parameter

v3 third parameter
Value

Vector

gev_mu2f DMGS equation 3.3, mu2 term

Description

DMGS equation 3.3, mu2 term

Usage
gev_mu2f(alpha, vi1, d1, v2, fd2, v3, d3)

Arguments
alpha a vector of values of alpha (one minus probability)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
v3 third parameter

d3 the delta used in the numerical derivatives with respect to the parameter
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Value

3d array

gev_pl23_checkmle

gev_mu2fa Minus the second derivative of the cdf, at alpha

Description

Minus the second derivative of the cdf, at alpha

Usage

gev_mu2fa(alpha, vi1, v2, v3)

Arguments

alpha a vector of values of alpha (one minus probability)

v first parameter

v2 second parameter

v3 third parameter
Value

Matrix

gev_p123_checkmle Check MLE

Description

Check MLE
Usage

gev_p123_checkmle(ml_params, minxi, maxxi, t1, t2, t3)

Arguments
ml_params parameters
minxi minimum value of shape parameter xi
maxxi maximum value of shape parameter xi
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd

t3 a vector of predictors for the shape
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Value

No return value (just a message to the screen).

gev_pl123_cp Generalized Extreme Value Distribution with Three Predictors, Pre-
dictions based on a Calibrating Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model *x*x the five
functions are as follows:

» g**x*_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.

* rx*x*xx_cp returns n random deviates from the predictive distribution.
o dx**xx_cp returns the predictive density function at the specified values y
* px**xx_cp returns the predictive distribution function at the specified values y

o txx*xx_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-

rithm.
Usage

ggev_p123_cp(
X,
t1,
t2,
t3,
t01 = NA,
t02 = NA,
t03 = NA,
n@1 = NA,
n@2 = NA,
n@3 = NA,

p = seq(0.1, 0.9, 0.1),
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ics = c(o, 0, 0, 0, 0, 0),

dl = 9.01,
d2 = 0.01,
d3 = 0.01,
d4 = 0.01,
d5 = 0.01,
dé = 0.01,
fdalpha = 9.01,
minxi = -0.45,

maxxi = 0.45,
means = FALSE,
waicscores = FALSE,
extramodels = FALSE,

pdf = FALSE,
dmgs = TRUE,
rust = FALSE,

nrust = 1e+05,
centering = TRUE,
debug = FALSE,
aderivs = TRUE

)
rgev_p123_cp(
n)
X)
t1,
t2,
t3,
t01 = NA,
t02 = NA,
t03 = NA,
nd1 = NA,
nd2 = NA,
nd3 = NA,
ics = c(0, 0, 0, 0, 0, 9),
dl = 0.01,
d2 = 0.01,
d3 = 0.01,
d4 = 0.01,
d5 = 0.01,
dé6 = 0.01,
minxi = -0.45,
maxxi = 0.45,
extramodels = FALSE,
rust = FALSE,
mlcp = TRUE,

centering = TRUE,
debug = FALSE,
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aderivs = TRUE

)
dgev_p123_cp(
X,
t1,
t2,
t3,
t01 = NA,
t02 = NA,
t03 = NA,
nd1 = NA,
nd2 = NA,
nd3 = NA,
y =X,
ics = c(o, 0, 0, 0, 0, 9),
dl = 0.01,
d2 = 0.01,
d3 = 0.01,
d4 = 0.01,
ds = 0.01,
dé = 0.01,
minxi = -0.45,

maxxi = 0.45,
extramodels = FALSE,
rust = FALSE,

nrust = 10,
centering = TRUE,
debug = FALSE,
aderivs = TRUE

)
pgev_p123_cp(
X!
t1,
t2,
t3,
t01 = NA,
t02 = NA,
t03 = NA,
nd1 = NA,
nd2 = NA,
n@3 = NA,
y =X,
ics = c(0, 0, 0, 0, 0, @),
dl = 0.01,
d2 = 0.01,
d3 = 0.01,
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d4 = 9.01,
d5 = 9.01,
dé = 0.01,
minxi = -0.45,

maxxi = 0.45,
extramodels = FALSE,
rust = FALSE,

nrust = 1000,
centering = TRUE,
debug = FALSE,
aderivs = TRUE

)
tgev_p123_cp(
n,
X,
t1,
t2,
t3,
ics = c(o, o, 0, 0, 0, 0),
dl = 0.01,
d2 = 9.01,
d3 = 9.01,
d4 = 0.01,
d5 = 0.01,
dé6 = 0.01,

extramodels = FALSE,
debug = FALSE

)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean, such that length(t1)=1length(x)
t2 a vector of predictors for the sd, such that length(t2)=1length(x)
t3 a vector of predictors for the shape, such that length(t3)=1ength(x)
t01 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
t03 a single value of the predictor (specify either t@3 or n@3 but not both)
no1 an index for the predictor (specify either t@1 or n@1 but not both)
no2 an index for the predictor (specify either t@2 or n@2 but not both)
no3 an index for the predictor (specify either t@3 or n@3 but not both)
p a vector of probabilities at which to generate predictive quantiles
ics initial conditions for the maximum likelihood search
di if aderivs=FALSE, the delta used for numerical derivatives with respect to the

first parameter
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d2

d3

d4

d5

deé

fdalpha

minxi
maxxi

means

waicscores

extramodels

pdf

dmgs

rust

nrust
centering
debug

aderivs

mlcp

Value
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if aderivs=FALSE, the delta used for numerical derivatives with respect to the
second parameter

if aderivs=FALSE, the delta used for numerical derivatives with respect to the
third parameter

if aderivs=FALSE, the delta used for numerical derivatives with respect to the
fourth parameter

if aderivs=FALSE, the delta used for numerical derivatives with respect to the
fifth parameter

if aderivs=FALSE, the delta used for numerical derivatives with respect to the
sixth parameter

if pdf=TRUE, the fractional delta used for numerical derivatives with respect to
probability, for calculating the pdf as a function of quantiles

the minimum allowed value of the shape parameter (decrease with caution)
the maximum allowed value of the shape parameter (increase with caution)

logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)

logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC?2 scores (longer runtime)

logical that indicates whether to run additional calculations and add three addi-
tional prediction models (longer runtime)

logical that indicates whether to run additional calculations and return density
functions evaluated at quantiles specified by the input probabilities (longer run-
time)

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical that indicates whether the predictor should be centered
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

g*x** returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.
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* ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.
* cp_quantiles: predictive quantiles calculated using a calibrating prior.
¢ maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, q**** additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

e adjustedx: the detrended values of x

r**%* returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_deviates: random deviates calculated using maximum likelihood.
* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.
d*x** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_pdf: density function from maximum likelihood.

» cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
p** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_cdf: distribution function from maximum likelihood.

» cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

e cp_method: a comment about the method used to generate the cp prediction.
t**x* returns a list containing the following:

* theta_samples: random samples from the parameter posterior.
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Details of the Model

The GEV distribution with three predictors has distribution function
F(x;a1,b1, a2,bz,a3,b3) = exp (—t(z; p(ar, br), o(az, b2), §(as, b3))

where

r—p(a —1/&(az,b3z)
|1+ &g, by) (s | if £(as, bs) # 0

t(x; plar, br), o(az, b2), £(as, bs)) = o (anbe) .
exp (_(/U(%b;) ) if £(az,b3) =0

where z is the random variable, ;1 = a1 + b1t is the location parameter, modelled as a function of
parameters a1, by and predictor ¢y, o = e®2+b2t2 g the scale parameter, modelled as a function of
parameters as, bo and predictor to, and & = ag + bsts is the shape parameter, modelled as a function
of parameters as, bs and predictor ¢3.

The calibrating prior we use is given by
7T(Cl1, bla a2, b2a asg, b3) ox 1

as given in Jewson et al. (2025).

The code will stop with an error if the input data gives a maximum likelihood value for the shape pa-
rameter that lies outside the range (minxi,maxxi), since outside this range there may be numerical
problems. Such values seldom occur in real observed data for maxima.

Optional Return Values

g**** optionally returns the following:

If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.

* waic2: the WAIC2 score for the calibrating prior model.
If logscores=TRUE:

* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)
* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)
If means=TRUE:

* ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible

e cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
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rx*x* optionally returns the following:

If rust=TRUE:

* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.

d*x*x optionally returns the following:

If rust=TRUE:

* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.

p**x* optionally returns the following:

If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.

Optional Return Values (EVT models only)

g**** optionally returns the following, for EVT models only:

* cp_pdf: the density function at quantiles corresponding to input probabilities p. We pro-
vide this for EVD models, because direct estimation of the density function using the DMGS
density equation is not possible.

Details (non-homogeneous models)

This model is not homogeneous, i.e. it does not have a transitive transformation group, and so there
is no right Haar prior and no method for generating exactly reliable predictions. The cp outputs are
generated using a prior that has been shown in tests to give reasonable reliability. See Jewson et
al. (2024) for discussion of the prior and test results. For non-homogeneous models, reliability is
generally poor for small sample sizes (<20), but is still much better than maximum likelihood. For
small sample sizes, it is advisable to check the level of reliability using the routine reltest.

Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.
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Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

See Also

Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

Cauchy (cauchy),

Cauchy with linear predictor on the mean (cauchy_p1),

Exponential (exp),

Exponential with log-linear predictor on the scale (exp_p1),

Frechet with known location parameter (frechet_k1),

Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
Gamma (gamma),

Generalized normal (gnorm),

GEV (gev),

GEV with linear predictor on the location (gev_p1),

GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

GEV with linear predictor on the location and known shape (gev_p1k3),
GEV with known shape (gev_k3),


https://ascmo.copernicus.org/articles/11/1/2025/
https://ascmo.copernicus.org/articles/11/1/2025/
http://www.fitdistcp.info/index.html
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¢ GPD with known location (gpd_k1),

¢ Gumbel (gumbel),

* Gumbel with linear predictor on the mean(gumbel_p1),

¢ Half-normal (halfnorm),

* Inverse gamma (invgamma),

* Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

* Logistic (logis),

* Logistic with linear predictor on the location (logis_p1),

* Log-normal (1norm),

* Log-normal with linear predictor on the location (1norm_p1),

e Normal (norm),

* Normal with linear predictor on the mean (norm_p1),

e Pareto with known scale (pareto_k2),

 Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
e Uniform (unif),

e Weibull (weibull),

* Weibull with linear predictor on the scale (weibull_p?2),

The level of predictive probability matching achieved by the maximum likelihood and calibrating
prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,

Examples

#

# example 1
x=fitdistcp::d152gev_p123_example_data_v1_x
tt=fitdistcp::d152gev_p123_example_data_v1_t
t1=tt[,1]

t2=tt[,2]

t3=tt[,3]

p=c(1:9)/10

n@1=10

nd2=10

no3=10
g=qgev_p123_cp(x=x,t1=t1,t2=t2,t3=t3,n01=n01,n02=n02,n03=n03,t01=NA, t02=NA, t03=NA,
p=p, rust=FALSE, nrust=1000)
xmin=min(g$ml_quantiles,g$cp_quantiles);
xmax=max(q$ml_quantiles,q$cp_quantiles);
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plot(g$ml_quantiles,p,xlab="quantile estimates”,xlim=c(xmin,xmax),
sub="(from qgev_p123_cp)",

main="GEVD w/ p123: quantile estimates”);
points(g$cp_quantiles,p,col="red"”, lwd=2)

cat(”" ml_params=",q$ml_params,"\n")

gev_p123_f1f DMGS equation 2.1, fl term, fixed shape parameter DMGS equation
2.1, fI term

Description

DMGS equation 2.1, f1 term, fixed shape parameter DMGS equation 2.1, fl term

Usage

gev_p123_f1f(y, to1, te2, te3, vi, di, v2, d2, v3, d3, v4, d4, v5, d5, v6, d6)

Arguments
y a vector of values at which to calculate the density and distribution functions
t01 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
to3 a single value of the predictor (specify either t@3 or n@3 but not both)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter
d5 the delta used in the numerical derivatives with respect to the parameter
v6 sixth parameter
dé the delta used in the numerical derivatives with respect to the parameter
Value

Matrix
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gev_p123_fifa The first derivative of the density

Description

The first derivative of the density

Usage

gev_pl123_f1fa(x, te1, te2, te3, vi, v2, v3, v4, v5, v6)

Arguments
X a vector of training data values
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
to3 a single value of the predictor (specify either t@3 or n@3 but not both)
vi first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
v5 fifth parameter
v6 sixth parameter
Value
Vector
gev_p123_f2f GEVD-with-pl: DMGS equation 1.2 f2 term
Description

GEVD-with-pl: DMGS equation 1.2 f2 term

Usage

gev_pl123_f2f(y, to1, te2, te3, vi, di, v2, d2, v3, d3, v4, d4, v5, d5, v6, d6)
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Arguments
y a vector of values at which to calculate the density and distribution functions
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
to3 a single value of the predictor (specify either t@3 or n@3 but not both)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter
d5 the delta used in the numerical derivatives with respect to the parameter
v6 sixth parameter
dé the delta used in the numerical derivatives with respect to the parameter
Value
3d array
gev_p123_f2fa The second derivative of the density
Description

The second derivative of the density

Usage

gev_pl123_f2fa(x, to1, te2, te3, vi, v2, v3, v4, v5, v6)

Arguments
X a vector of training data values
t01 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
to3 a single value of the predictor (specify either t@3 or n@3 but not both)
vi first parameter

v2 second parameter
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v3 third parameter
v4 fourth parameter
v5 fifth parameter
v6 sixth parameter
Value
Matrix
gev_p123_fd First derivative of the density Created by Stephen Jewson using De-

riv() by Andrew Clausen and Serguei Sokol

Description
First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_pl123_fd(x, t1, t2, t3, v1, v2, v3, v4, v5, v6)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
t3 a vector of predictors for the shape
vl first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
v5 fifth parameter
v6 sixth parameter
Value

Vector
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gev_p123_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_pl123_fdd(x, t1, t2, t3, vi1, v2, v3, v4, v5, v6)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
t3 a vector of predictors for the shape
vl first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
v5 fifth parameter
v6 sixth parameter
Value
Matrix
gev_p123_1dd Second derivative matrix of the normalized log-likelihood
Description

Second derivative matrix of the normalized log-likelihood

Usage
gev_p123_1dd(x, t1, t2, t3, vi1, d1, v2, d2, v3, d3, v4, d4, v5, d5, v6, d6)
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Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
t3 a vector of predictors for the shape
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter
d5 the delta used in the numerical derivatives with respect to the parameter
v6 sixth parameter
dé the delta used in the numerical derivatives with respect to the parameter
Value

Square scalar matrix

gev_p123_ldda The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage

gev_pl123_ldda(x, t1, t2, t3, v1, v2, v3, v4, v5, v6)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
t3 a vector of predictors for the shape
vi first parameter

v2 second parameter
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v3
v4
v5
v6

Value

Matrix

third parameter
fourth parameter
fifth parameter

sixth parameter
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gev_p123_1ddd

Third derivative tensor of the normalized log-likelihood, with fixed

shape parameter

Description

Third derivative tensor of the normalized log-likelihood, with fixed shape parameter

Usage

gev_p123_lddd(x, t1,

Arguments

X
t1

t2
t3
v

di

v2
d2
v3
d3
v4
d4
v5
d5
v6
dé

Value

Cubic scalar array

a vector of training data values

a vector of predictors for the mean

a vector of predictors for the sd

a vector of predictors for the shape

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the delta used in the numerical derivatives with respect to the parameter
fourth parameter

the delta used in the numerical derivatives with respect to the parameter
fifth parameter

the delta used in the numerical derivatives with respect to the parameter
sixth parameter

the delta used in the numerical derivatives with respect to the parameter

t2, t3, vi1, d1, v2, d2, v3, d3, v4, d4, v5, d5, v6, d6)
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gev_p123_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage

gev_pl123_lddda(x, t1, t2, t3, v1, v2, v3, v4, v5, v6)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
t3 a vector of predictors for the shape
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
v5 fifth parameter
v6 sixth parameter
Value
3d array
gev_p123_1mn One component of the second derivative of the normalized log-
likelihood
Description

One component of the second derivative of the normalized log-likelihood
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Usage

gev_p123_1mn(

Arguments

X
t1

t2
t3
v

di

v2
d2
v3
d3
v4
d4
v5
d5
v6
dé
mm

nn

X,

t1,
t2,
t3,
vl,
d1,
v2,
d2,
v3,
d3,
v4,
d4,
v5,
ds,
v6,
deé,
mm,
nn

a vector of training data values

a vector of predictors for the mean

a vector of predictors for the sd

a vector of predictors for the shape

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the delta used in the numerical derivatives with respect to the parameter
fourth parameter

the delta used in the numerical derivatives with respect to the parameter
fifth parameter

the delta used in the numerical derivatives with respect to the parameter
sixth parameter

the delta used in the numerical derivatives with respect to the parameter
an index for which derivative to calculate

an index for which derivative to calculate
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Value

Scalar value

gev_pl23_Imnp

gev_p123_1mnp

One component of the second derivative of the normalized log-
likelihood

Description

One component of the second derivative of the normalized log-likelihood

Usage

gev_p123_1mnp(

Arguments

X
t1
t2
t3
v
d1
v2
d2

X,

t1,
t2,
t3,
v,
d1,
v2,
d2,
v3,
ds,
v4,
d4,
vb,
d5,
V6,
deé,
mm,
nn,
rr

a vector of training data values

a vector of predictors for the mean

a vector of predictors for the sd

a vector of predictors for the shape

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
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v3
d3
v4
d4
v5
d5
v6
dé
mm
nn

rr

Value

Scalar value

third parameter

the delta used in the numerical derivatives with respect to the parameter
fourth parameter

the delta used in the numerical derivatives with respect to the parameter
fifth parameter

the delta used in the numerical derivatives with respect to the parameter
sixth parameter

the delta used in the numerical derivatives with respect to the parameter
an index for which derivative to calculate

an index for which derivative to calculate

an index for which derivative to calculate
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gev_p123_logf

Logf for RUST

Description

Logf for RUST

Usage

gev_p123_logf(params, x, t1, t2, t3)

Arguments

params
X

t1

t2

t3

Value

Scalar value.

model parameters for calculating logf
a vector of training data values

a vector of predictors for the mean

a vector of predictors for the sd

a vector of predictors for the shape
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gev_p123_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

gev_p123_logfdd(x, t1, t2, t3, v1, v2, v3, v4, v5, v6)

Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

t3 a vector of predictors for the shape

v first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter

v6 sixth parameter
Value

Matrix

gev_p123_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description

Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

gev_p123_logfddd(x, t1, t2, t3, vi1, v2, v3, v4, v5, v6)
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Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

t3 a vector of predictors for the shape

v first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter

v6 sixth parameter
Value

3d array

gev_p123_loglik observed log-likelihood function

Description

observed log-likelihood function

Usage

gev_p123_loglik(vv, x, t1, t2, t3)

Arguments
% parameters
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
t3 a vector of predictors for the shape
Value

Scalar value.
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gev_p123_means Analytical expressions for Predictive Means RHP mean based on the
expectation of DMGS equation 2.1

Description

Analytical expressions for Predictive Means RHP mean based on the expectation of DMGS equation
2.1

Usage

gev_pl123_means(means, t@1, t@2, t@3, ml_params, nx)

Arguments
means logical that indicates whether to return analytical estimates for the distribution
means (longer runtime)
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
to3 a single value of the predictor (specify either t@3 or n@3 but not both)
ml_params parameters
nx length of training data
Value

Two scalars

gev_p123_mulf GEVD-with-pl: DMGS equation 3.3 mul term

Description

GEVD-with-pl: DMGS equation 3.3 mul term

Usage

gev_p123_mulf(

alpha,

to1,

t02,

t03,

v,

di,

v2,
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d2,
v3,
ds,
v4,
d4,
vb,
ds,
V6,
dé
)
Arguments
alpha a vector of values of alpha (one minus probability)
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
to3 a single value of the predictor (specify either t@3 or n@3 but not both)
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter
d5 the delta used in the numerical derivatives with respect to the parameter
v6 sixth parameter
dé the delta used in the numerical derivatives with respect to the parameter
Value
Matrix
gev_p123_mulfa Minus the first derivative of the cdf, at alpha
Description

Minus the first derivative of the cdf, at alpha

Usage

gev_pl123_mulfa(alpha, to1, te2, te3, vi, v2, v3, v4, v5, v6)
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Arguments
alpha a vector of values of alpha (one minus probability)
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
to3 a single value of the predictor (specify either t@3 or n@3 but not both)
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
v5 fifth parameter
v6 sixth parameter
Value
Vector
gev_p123_mu2f GEVD-with-pl: DMGS equation 3.3 mu2 term
Description

GEVD-with-pl: DMGS equation 3.3 mu2 term

Usage

gev_p123_mu2f(
alpha,
to1,
t02,
t03,
vl,
di,
v2,
d2,
v3,
ds,
v4,
d4,
v5,
d5,
V6,
dé6
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Arguments
alpha a vector of values of alpha (one minus probability)
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
to3 a single value of the predictor (specify either t@3 or n@3 but not both)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter
d5 the delta used in the numerical derivatives with respect to the parameter
v6 sixth parameter
dé the delta used in the numerical derivatives with respect to the parameter
Value
3d array
gev_p123_mu2fa Minus the second derivative of the cdf, at alpha
Description

Minus the second derivative of the cdf, at alpha

Usage

gev_pl123_mu2fa(alpha, t@1, te2, te3, vi, v2, v3, v4, v5, v6)

Arguments
alpha a vector of values of alpha (one minus probability)
t01 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
to3 a single value of the predictor (specify either t@3 or n@3 but not both)
vi first parameter

v2 second parameter
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v3 third parameter
v4 fourth parameter
v5 fifth parameter
v6 sixth parameter
Value
Matrix
gev_p123_pd First derivative of the cdf Created by Stephen Jewson using Deriv() by

Andrew Clausen and Serguei Sokol

Description
First derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and Serguei
Sokol

Usage

gev_p123_pd(x, t1, t2, t3, v1, v2, v3, v4, v5, v6)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
t3 a vector of predictors for the shape
vl first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
v5 fifth parameter
v6 sixth parameter
Value

Vector
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gev_p123_pdd Second derivative of the cdf Created by Stephen Jewson using Deriv()
by Andrew Clausen and Serguei Sokol

Description
Second derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_p123_pdd(x, t1, t2, t3, vi1, v2, v3, v4, v5, v6)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
t3 a vector of predictors for the shape
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
v5 fifth parameter
v6 sixth parameter
Value
Matrix

gev_p123_predictordata
Predicted Parameter and Generalized Residuals

Description

Predicted Parameter and Generalized Residuals

Usage

gev_p123_predictordata(x, t1, t2, t3, tol1, te2, te3, params)
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Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
t3 a vector of predictors for the shape
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
to3 a single value of the predictor (specify either t@3 or n@3 but not both)
params model parameters for calculating logf

Value

Two vectors

gev_p123_setics Set initial conditions

Description

Set initial conditions

Usage

gev_pl123_setics(x, t1, t2, t3, ics)

Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

t3 a vector of predictors for the shape

ics initial conditions for the maximum likelihood search
Value

Vector
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gev_pl23_waic Waic

Description

Waic

Usage

gev_pl123_waic(
waicscores,
X,
t1,
t2,
t3,
vih,
di,
v2h,
d2,
v3h,
ds,
v4h,
d4,
v5h,
d5,
v6h,
deé,
lddi,
lddd,
lambdad,
aderivs

Arguments
waicscores logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
t3 a vector of predictors for the shape
vlh first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2h second parameter

d2 the delta used in the numerical derivatives with respect to the parameter
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v3h third parameter

d3 the delta used in the numerical derivatives with respect to the parameter

v4h fourth parameter

d4 the delta used in the numerical derivatives with respect to the parameter

v5h fifth parameter

d5 the delta used in the numerical derivatives with respect to the parameter

véh sixth parameter

dé the delta used in the numerical derivatives with respect to the parameter

1ddi inverse observed information matrix

lddd third derivative of log-likelihood

lambdad derivative of the log prior

aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

Two numeric values.

gev_p12k3_f1f DMGS equation 2.1, f1 term, fixed shape parameter

Description

DMGS equation 2.1, f1 term, fixed shape parameter

Usage
gev_p12k3_f1f(y, te1, tez2, vi, di1, v2, d2, v3, d3, v4, d4, vb)

Arguments
y a vector of values at which to calculate the density and distribution functions
t01 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter

v5 fifth parameter
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Value

Matrix
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gev_p12k3_f1ifa The first derivative of the density

Description

The first derivative of the density

Usage

gev_pl12k3_fi1fa(x, t, v1, v2, v3, v4, kshape)

Arguments

X a vector of training data values

t a vector or matrix of predictors

vi first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

kshape the known shape parameter
Value

Vector

gev_p12k3_f2f GEVD-with-pl: DMGS equation 1.2 f2 term

Description

GEVD-with-pl: DMGS equation 1.2 f2 term

Usage

gev_pl12k3_f2f(y, te1, tez2, vi, di1, v2, d2, v3, d3, v4, d4, vb)



310

Arguments

y
t01

to2
v
di
v2
d2
v3
d3
v4
d4
V5

Value

3d array

gev_pl2k3 f2fa

a vector of values at which to calculate the density and distribution functions
a single value of the predictor (specify either t@1 or n@1 but not both)

a single value of the predictor (specify either t@2 or n@2 but not both)
first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the delta used in the numerical derivatives with respect to the parameter
fourth parameter

the delta used in the numerical derivatives with respect to the parameter
fifth parameter

gev_p12k3_f2fa

The second derivative of the density

Description

The second derivative of the density

Usage

gev_pl12k3_f2fa(x, t, v1, v2, v3, v4, kshape)

Arguments

X
t

v

v2

v3

v4
kshape

Value

Matrix

a vector of training data values
a vector or matrix of predictors
first parameter

second parameter

third parameter

fourth parameter

the known shape parameter
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gev_p12k3_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description
First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_pl12k3_fd(x, t1, t2, v1, v2, v3, v4, v5)

Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

vl first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter
Value

Vector

gev_p12k3_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_pl12k3_fdd(x, t1, t2, v1, v2, v3, v4, vb)
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Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

v first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter
Value

Matrix

gev_p12k3_ldd Second derivative matrix of the normalized log-likelihood, with fixed
shape parameter

Description

Second derivative matrix of the normalized log-likelihood, with fixed shape parameter

Usage

gev_p12k3_ldd(x, t1, t2, v1, di1, v2, d2, v3, d3, v4, d4, v5)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter

Value

Square scalar matrix
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gev_p12k3_ldda The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage

gev_pl12k3_ldda(x, t, v1, v2, v3, v4, kshape)

Arguments

X a vector of training data values

t a vector or matrix of predictors

v first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

kshape the known shape parameter
Value

Matrix

gev_p12k3_lddd Third derivative tensor of the normalized log-likelihood, with fixed
shape parameter

Description

Third derivative tensor of the normalized log-likelihood, with fixed shape parameter

Usage

gev_p12k3_lddd(x, t1, t2, v1, d1, v2, d2, v3, d3, v4, d4, v5)
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Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
vl first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter

Value

Cubic scalar array

gev_p12k3_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage

gev_pl12k3_lddda(x, t, v1, v2, v3, v4, kshape)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vi first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
kshape the known shape parameter
Value

3d array
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gev_p12k3_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

gev_p12k3_logfdd(x, t1, t2, v1, v2, v3, v4, v5)

Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

vl first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter
Value

Matrix

gev_p12k3_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description

Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

gev_p12k3_logfddd(x, t1, t2, v1, v2, v3, v4, v5)
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Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

v first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter
Value

3d array

gev_p12k3_mulf GEVD-with-pl: DMGS equation 3.3 mul term, fixed shape parameter

Description

GEVD-with-pl: DMGS equation 3.3 mul term, fixed shape parameter

Usage
gev_p12k3_mulf(alpha, to1, te2, vi, di, v2, d2, v3, d3, v4, d4, v5)

Arguments
alpha a vector of values of alpha (one minus probability)
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter

Value

Matrix
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gev_p12k3_mulfa Minus the first derivative of the cdf, at alpha

Description

Minus the first derivative of the cdf, at alpha

Usage

gev_p12k3_mulfa(alpha, t, v1, v2, v3, v4, kshape)

Arguments

alpha a vector of values of alpha (one minus probability)

t a vector or matrix of predictors

vi first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

kshape the known shape parameter
Value

Vector

gev_p12k3_mu2f GEVD-with-pl: DMGS equation 3.3 mu2 term, fixed shape parameter

Description

GEVD-with-pl: DMGS equation 3.3 mu2 term, fixed shape parameter

Usage

gev_p12k3_mu2f(alpha, t@1, te2, vi, di, v2, d2, v3, d3, v4, d4, v5)
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Arguments
alpha a vector of values of alpha (one minus probability)
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter

Value
3d array

gev_p12k3_mu2fa Minus the second derivative of the cdf, at alpha
Description

Minus the second derivative of the cdf, at alpha

Usage

gev_p12k3_mu2fa(alpha, t, v1, v2, v3, v4, kshape)

Arguments
alpha a vector of values of alpha (one minus probability)
t a vector or matrix of predictors
vl first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
kshape the known shape parameter
Value

Matrix
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gev_p12k3_pd First derivative of the cdf Created by Stephen Jewson using Deriv() by
Andrew Clausen and Serguei Sokol

Description
First derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and Serguei
Sokol

Usage

gev_p12k3_pd(x, t1, t2, v1, v2, v3, v4, vb5)

Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

vi first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter
Value

Vector

gev_p12k3_pdd Second derivative of the cdf Created by Stephen Jewson using Deriv()
by Andrew Clausen and Serguei Sokol

Description

Second derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_p12k3_pdd(x, t1, t2, v1, v2, v3, v4, v5)
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Arguments

X

t1
t2
v
v2
v3
v4
V5

Value

Matrix

a vector of training data values

a vector of predictors for the mean
a vector of predictors for the sd
first parameter

second parameter

third parameter

fourth parameter

fifth parameter

gev_pl2_checkmle

gev_p12_checkmle

Check MLE

Description

Check MLE

Usage

gev_pl12_checkmle(ml_params, minxi, maxxi)

Arguments

ml_params
minxi

maxxi

Value

parameters
minimum value of shape parameter xi

maximum value of shape parameter xi

No return value (just a message to the screen).



gev_pl2 cp 321

gev_pl2_cp Generalized Extreme Value Distribution with Two Predictors, Predic-
tions based on a Calibrating Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model ***x the five
functions are as follows:

» gx**x_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.

* r*x%x_cp returns n random deviates from the predictive distribution.
» d**x*x_cp returns the predictive density function at the specified values y
* pxx*x_cp returns the predictive distribution function at the specified values y

e txx%x_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-

rithm.
Usage

qggev_pl12_cp(
X,
t1,
t2,
t01 = NA,
t02 = NA,
nd1 = NA,
nd2 = NA,

p = seq(0.1, 0.9, 0.1),
ics = c(0, 0, 0, 0, @),

di = 0.01,
d2 = 0.01,
d3 = 0.01,
d4 = 0.01,

d5

0.01,
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)

fdalpha = 0.01,
minxi = -0.45,

maxxi = 0.45,

means = FALSE,
waicscores = FALSE,
extramodels = FALSE,

pdf = FALSE,
dmgs = TRUE,
rust = FALSE,

nrust = le+@5,
predictordata = TRUE,
centering = TRUE,
debug = FALSE,
aderivs = TRUE

rgev_pl12_cp(

)

n,

X,

t1,

t2,

t01 = NA,

t02 = NA,

nol = NA,

no2 = NA,

ics = c(0, 0, 0, 0, @),
dl = 0.01,

d2 = 0.01,

d3 = 0.01,

d4 = 0.01,

ds = .01,
minxi = -0.45,

maxxi = 0.45,
extramodels = FALSE,
rust = FALSE,

mlcp = TRUE,
centering = TRUE,
debug = FALSE,
aderivs = TRUE

dgev_p12_cp(

X7
t1,
t2,
t01 = NA,
t02 = NA,

nd1 = NA,

gev_pl2 cp
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n@2 = NA,
y =X,
ics = c(0, 0, 0, 0, 0),
d1 = 0.01,
d2 = 0.01,
d3 = 0.01,
d4 = 0.01,
d5 = 0.01,
minxi = -0.45,

)

maxxi = 0.45,
extramodels = FALSE,
rust = FALSE,

nrust = 10,
centering = TRUE,
debug = FALSE,
aderivs = TRUE

pgev_p12_cp(

)

X,

t1,

t2,

t01 = NA,

t02 = NA,

nd1 = NA,

n@2 = NA,

y =X,

ics = c(o0, 0, 0, 0, 0),
dl = 0.01,

d2 = 0.01,

d3 = 0.01,

d4 = 0.01,

ds = 0.01,

minxi = -0.45,

maxxi = 0.45,
extramodels = FALSE,
rust = FALSE,

nrust = 1000,

centering = TRUE,
debug = FALSE,
aderivs = TRUE

tgev_p12_cp(

n’
X,
t1,
t2,

323
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ics = c(e0, 0, 0, 0, 0),

di = 0.01,
d2 = 0.01,
d3 = 0.01,
d4 = 0.01,
d5 = 0.01,

extramodels = FALSE,
debug = FALSE

)
Arguments

X a vector of training data values

t1 a vector of predictors for the mean, such that length(t1)=1length(x)

t2 a vector of predictors for the sd, such that length(t2)=1length(x)

to1 a single value of the predictor (specify either t@1 or n@1 but not both)

t02 a single value of the predictor (specify either t@2 or n@2 but not both)

no1 an index for the predictor (specify either t@1 or n@1 but not both)

no2 an index for the predictor (specify either t@2 or n@2 but not both)

p a vector of probabilities at which to generate predictive quantiles

ics initial conditions for the maximum likelihood search

di if aderivs=FALSE, the delta used for numerical derivatives with respect to the
first parameter

d2 if aderivs=FALSE, the delta used for numerical derivatives with respect to the
second parameter

d3 if aderivs=FALSE, the delta used for numerical derivatives with respect to the
third parameter

d4 if aderivs=FALSE, the delta used for numerical derivatives with respect to the
fourth parameter

d5 if aderivs=FALSE, the delta used for numerical derivatives with respect to the
fifth parameter

fdalpha if pdf=TRUE, the fractional delta used for numerical derivatives with respect to
probability, for calculating the pdf as a function of quantiles

minxi the minimum allowed value of the shape parameter (decrease with caution)

maxxi the maximum allowed value of the shape parameter (increase with caution)

means logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)

waicscores logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC2 scores (longer runtime)

extramodels logical that indicates whether to run additional calculations and add three addi-

tional prediction models (longer runtime)
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pdf

dmgs

rust

nrust
predictordata
centering
debug

aderivs

mlcp

Value
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logical that indicates whether to run additional calculations and return density
functions evaluated at quantiles specified by the input probabilities (longer run-
time)

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical that indicates whether predictordata should be calculated
logical that indicates whether the predictor should be centered
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

g*x** returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.

* cp_quantiles: predictive quantiles calculated using a calibrating prior.

e maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, q*x*x* additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

e adjustedx: the detrended values of x

rx*x* returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_deviates: random deviates calculated using maximum likelihood.

* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.

d*x** returns a list containing the following:
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* ml_params: maximum likelihood estimates for the parameters.

* ml_pdf: density function from maximum likelihood.

gev_pl2 cp

» cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT

routines, for mathematical reasons, unless using RUST).

e cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.

e ml_cdf: distribution function from maximum likelihood.

* cp_cdf: predictive distribution function calculated using a calibrating prior (not available in

EVT routines, for mathematical reasons, unless using RUST).

e cp_method: a comment about the method used to generate the cp prediction.
t**x* returns a list containing the following:

* theta_samples: random samples from the parameter posterior.

Details of the Model

The GEV distribution with two predictors has distribution function

F(‘Ta ai, bla a27b235) = €xXp (7t(gj;ﬂ(a1a bl)a U(a27 b2)7£))

where e
1+ f % 1f£ # 0

t(x; plar, b1),0(az, b2), &) = [ (x_a((f’bf)) )} .
exp (—M) if€ =0

o(az,b2)

where x is the random variable, 1 = a1 + b1t is the location parameter, modelled as a function of
parameters a1, by and predictor t1, 0 = e®2 b2tz g the scale parameter, modelled as a function of

parameters ao, by and predictor to, and £ is the shape parameter.

The calibrating prior we use is given by
m(a1, b1, az,b,§) ox 1

as given in Jewson et al. (2025).

The code will stop with an error if the input data gives a maximum likelihood value for the shape pa-
rameter that lies outside the range (minxi,maxxi), since outside this range there may be numerical

problems. Such values seldom occur in real observed data for maxima.

Optional Return Values

g**** optionally returns the following:
If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.
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If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.

* waic2: the WAIC2 score for the calibrating prior model.
If logscores=TRUE:

* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)

* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)

If means=TRUE:

e ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible
* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
rx*x* optionally returns the following:
If rust=TRUE:
* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.
dx*x* optionally returns the following:
If rust=TRUE:
* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.
p***x optionally returns the following:
If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.

Optional Return Values (EVT models only)
g**** optionally returns the following, for EVT models only:
» cp_pdf: the density function at quantiles corresponding to input probabilities p. We pro-

vide this for EVD models, because direct estimation of the density function using the DMGS
density equation is not possible.
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Details (non-homogeneous models)

This model is not homogeneous, i.e. it does not have a transitive transformation group, and so there
is no right Haar prior and no method for generating exactly reliable predictions. The cp outputs are
generated using a prior that has been shown in tests to give reasonable reliability. See Jewson et
al. (2024) for discussion of the prior and test results. For non-homogeneous models, reliability is
generally poor for small sample sizes (<20), but is still much better than maximum likelihood. For
small sample sizes, it is advisable to check the level of reliability using the routine reltest.

Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

» Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.

See Also

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

* Cauchy (cauchy),


https://ascmo.copernicus.org/articles/11/1/2025/
https://ascmo.copernicus.org/articles/11/1/2025/
http://www.fitdistcp.info/index.html
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* Cauchy with linear predictor on the mean (cauchy_p1),

» Exponential (exp),

» Exponential with log-linear predictor on the scale (exp_p1),

* Frechet with known location parameter (frechet_k1),

* Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
¢ Gamma (gamma),

¢ Generalized normal (gnorm),

¢ GEV (gev),

* GEV with linear predictor on the location (gev_p1),

* GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

* GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

* GEV with linear predictor on the location and known shape (gev_p1k3),
* GEV with known shape (gev_k3),

e GPD with known location (gpd_k1),

e Gumbel (gumbel),

* Gumbel with linear predictor on the mean(gumbel_p1),

¢ Half-normal (halfnorm),

* Inverse gamma (invgamma),

* Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

 Logistic (logis),
* Logistic with linear predictor on the location (logis_p1),
* Log-normal (1norm),
* Log-normal with linear predictor on the location (1norm_p1),
¢ Normal (norm),
* Normal with linear predictor on the mean (norm_p1),
¢ Pareto with known scale (pareto_k2),
* Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
e Uniform (unif),
e Weibull (weibull),
* Weibull with linear predictor on the scale (weibull_p?2),
The level of predictive probability matching achieved by the maximum likelihood and calibrating

prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,
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Examples

# example 1

x=fitdistcp::d151gev_p12_example_data_v1_x
tt=fitdistcp::d151gev_p12_example_data_vi_t

t1=tt[,1]

t2=tt[,2]

p=c(1:9)/10

no1=10

n02=10
g=qgev_pl12_cp(x=x,t1=t1,t2=t2,n01=n01,n02=n02,t01=NA, t02=NA, p=p, rust=TRUE,nrust=1000)
xmin=min(g$ml_quantiles,g$cp_quantiles);
xmax=max(q$ml_quantiles,q$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”,xlim=c(xmin,xmax),
sub="(from qgev_pl12_cp)”,

main="GEVD w/ p12: quantile estimates”);
points(g$cp_quantiles,p,col="red"”,lwd=2)
points(g$ru_quantiles,p,col="blue”,lwd=2)

cat(” ml_params=",q$ml_params,"\n")

gev_p12_f1f DMGS equation 2.1, fI term

Description

DMGS equation 2.1, f1 term

Usage
gev_pl12_f1f(y, tel, te2, vi, di1, v2, d2, v3, d3, v4, d4, v5, d5)

Arguments
y a vector of values at which to calculate the density and distribution functions
t0o1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter

d5 the delta used in the numerical derivatives with respect to the parameter
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Value

Matrix
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gev_pl2_fifa

The first derivative of the density

Description

The first derivative of the density

Usage

gev_pl2_fifa(x, t@1, t@2, vi1, v2, v3, v4, v5)

Arguments
X a vector of training data values
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
v5 fifth parameter
Value
Vector
gev_pl12_f2f GEVD-with-pl: DMGS equation 1.2 f2 term
Description

GEVD-with-pl: DMGS equation 1.2 f2 term

Usage

gev_pl2_f2f(y, to1l, te2, vi, di, v2, d2, v3, d3, v4, d4, v5, d5)
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Arguments
y a vector of values at which to calculate the density and distribution functions
t0o1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
vl first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter
d5 the delta used in the numerical derivatives with respect to the parameter
Value
3d array
gev_pl12_f2fa The second derivative of the density
Description

The second derivative of the density

Usage

gev_pl2_f2fa(x, to1, te2, vi, v2, v3, v4, vb)

Arguments
X a vector of training data values
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
vi first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
v5 fifth parameter
Value

Matrix
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gev_pl12_fd

First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description

First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and

Serguei Sokol

Usage

gev_pl2_fd(x,

t1, t2, v1, v2, v3, v4, vb5)

Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

vl first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter
Value

Vector

gev_pl12_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and

Serguei Sokol

Usage

gev_pl2_fdd(x, t1, t2, v1, v2, v3, v4, v5)
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Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

vl first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter
Value

Matrix

gev_pl12_ggd Derivative of information matrix, based on ldd

Description

Derivative of information matrix, based on 1dd

Usage

gev_pl2_ggd(x, t1, t2, vi1, di1, v2, d2, v3, d3, v4, d4, v5, d5)

Arguments

X
t1
t2
v
d1
v2
d2
v3
d3
v4
d4
v5
d5

Value

a vector of training data values

a vector of predictors for the mean
a vector of predictors for the sd
first parameter

the delta used in the numerical derivatives with respect to the parameter

second parameter

the delta used in the numerical derivatives with respect to the parameter

third parameter

the delta used in the numerical derivatives with respect to the parameter

fourth parameter

the delta used in the numerical derivatives with respect to the parameter

fifth parameter

the delta used in the numerical derivatives with respect to the parameter

Square scalar matrix
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gev_pl12_1dd

Second derivative matrix of the normalized log-likelihood

Description

Second derivative matrix of the normalized log-likelihood

Usage

gev_pl12_ldd(x, t1, t2, v1, d1, v2, d2, v3, d3, v4, d4, v5, d5)

Arguments

X
t1
t2
v
di
v2
d2
v3
d3
v4
d4
v5
d5

Value

a vector of training data values

a vector of predictors for the mean

a vector of predictors for the sd

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the delta used in the numerical derivatives with respect to the parameter
fourth parameter

the delta used in the numerical derivatives with respect to the parameter
fifth parameter

the delta used in the numerical derivatives with respect to the parameter

Square scalar matrix

gev_pl2_ldda

The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage

gev_pl2_ldda(x, t1, t2, v1, v2, v3, v4, vb)
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Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

vl first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter
Value

Matrix

gev_p12_1ddd Third derivative tensor of the normalized log-likelihood, with fixed
shape parameter

Description

Third derivative tensor of the normalized log-likelihood, with fixed shape parameter

Usage
gev_pl12_lddd(x, t1, t2, v1, d1, v2, d2, v3, d3, v4, d4, v5, d5)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter
d5 the delta used in the numerical derivatives with respect to the parameter
Value

Cubic scalar array
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gev_pl12_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage

gev_pl12_lddda(x, t1, t2, v1, v2, v3, v4, v5)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
vl first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
v5 fifth parameter
Value
3d array
gev_p12_1mn One component of the second derivative of the normalized log-
likelihood
Description

One component of the second derivative of the normalized log-likelihood

Usage

gev_pl12_lmn(x, t1, t2, vi1, d1, v2, d2, v3, d3, v4, d4, v5, d5, mm, nn)
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Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter
d5 the delta used in the numerical derivatives with respect to the parameter
mm an index for which derivative to calculate
nn an index for which derivative to calculate

Value

Scalar value

gev_p12_1mnp One component of the second derivative of the normalized log-
likelihood

Description

One component of the second derivative of the normalized log-likelihood

Usage

gev_pl12_lmnp(x, t1, t2, v1, d1, v2, d2, v3, d3, v4, d4, v5, d5, mm, nn, rr)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
v first parameter
d1 the delta used in the numerical derivatives with respect to the parameter

v2 second parameter
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d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter
d5 the delta used in the numerical derivatives with respect to the parameter
mm an index for which derivative to calculate
nn an index for which derivative to calculate
rr an index for which derivative to calculate

Value

Scalar value

gev_pl12_logf Logf for RUST

Description

Logf for RUST

Usage

gev_pl12_logf(params, x, t1, t2)

Arguments
params model parameters for calculating logf
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
Value

Scalar value.
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gev_p12_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

gev_pl12_logfdd(x, t1, t2, v1, v2, v3, v4, v5)

Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

vl first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter
Value

Matrix

gev_p12_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description

Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

gev_pl12_logfddd(x, t1, t2, v1, v2, v3, v4, v5)
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Arguments

X a vector of training data values

t1 a vector of predictors for the mean

t2 a vector of predictors for the sd

vi first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter
Value

3d array

gev_pl12_loglik observed log-likelihood function

Description

observed log-likelihood function

Usage

gev_p12_loglik(vv, x, t1, t2)

Arguments
Y parameters
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
Value

Scalar value.
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gev_pl12_means Analytical expressions for Predictive Means RHP mean based on the
expectation of DMGS equation 2.1

Description

Analytical expressions for Predictive Means RHP mean based on the expectation of DMGS equation
2.1

Usage

gev_pl12_means(means, t@1, t@2, ml_params, nx)

Arguments
means logical that indicates whether to return analytical estimates for the distribution
means (longer runtime)
t0o1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
ml_params parameters
nx length of training data
Value
Two scalars
gev_p12_mulf GEVD-with-pl: DMGS equation 3.3 mul term
Description

GEVD-with-pl: DMGS equation 3.3 mul term

Usage

gev_pl12_mulf(alpha, to1, te2, vi1, di, v2, d2, v3, d3, v4, d4, v5, d5)
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Arguments
alpha a vector of values of alpha (one minus probability)
t0o1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
vl first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter
d5 the delta used in the numerical derivatives with respect to the parameter
Value
Matrix
gev_pl12_mulfa Minus the first derivative of the cdf, at alpha
Description

Minus the first derivative of the cdf, at alpha

Usage

gev_pl12_mulfa(alpha, t@1, t@2, vi, v2, v3, v4, v5)

Arguments
alpha a vector of values of alpha (one minus probability)
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
vi first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
v5 fifth parameter
Value

Vector
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gev_p12_mu2f GEVD-with-pl: DMGS equation 3.3 mu2 term

Description

GEVD-with-pl: DMGS equation 3.3 mu2 term

Usage
gev_pl12_mu2f(alpha, to1, te2, vi1, di, v2, d2, v3, d3, v4, d4, v5, d5)

Arguments
alpha a vector of values of alpha (one minus probability)
to1 a single value of the predictor (specify either t@1 or n@1 but not both)
t02 a single value of the predictor (specify either t@2 or n@2 but not both)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
d3 the delta used in the numerical derivatives with respect to the parameter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
v5 fifth parameter
d5 the delta used in the numerical derivatives with respect to the parameter
Value
3d array
gev_p12_mu2fa Minus the second derivative of the cdf, at alpha
Description

Minus the second derivative of the cdf, at alpha

Usage

gev_pl12_mu2fa(alpha, t01, te2, v1, v2, v3, v4, v5)
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Arguments

alpha a vector of values of alpha (one minus probability)

to1 a single value of the predictor (specify either t@1 or n@1 but not both)

t02 a single value of the predictor (specify either t@2 or n@2 but not both)

v first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter

v5 fifth parameter
Value

Matrix

gev_p12_pd First derivative of the cdf Created by Stephen Jewson using Deriv() by
Andrew Clausen and Serguei Sokol

Description

First derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and Serguei

Sokol

Usage

gev_pl2_pd(x, t1, t2, v1, v2, v3, v4, v5)

Arguments

X
t1
t2
v
v2
v3
v4
v5

Value

Vector

a vector of training data values

a vector of predictors for the mean
a vector of predictors for the sd
first parameter

second parameter

third parameter

fourth parameter

fifth parameter
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gev_p12_pdd Second derivative of the cdf Created by Stephen Jewson using Deriv()
by Andrew Clausen and Serguei Sokol

Description
Second derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_pl2_pdd(x, t1, t2, v1, v2, v3, v4, vb)

Arguments
X a vector of training data values
t1 a vector of predictors for the mean
t2 a vector of predictors for the sd
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
v5 fifth parameter

Value
Matrix

gev_pl12_predictordata Predicted Parameter and Generalized Residuals

Description

Predicted Parameter and Generalized Residuals

Usage

gev_pl12_predictordata(predictordata, x, t1, t2, to1, t02, params)
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Arguments

predictordata
X

t1

t2

to1

t02

params

Value

Two vectors

logical that indicates whether to calculate and return predictordata

a vector of training data values

a vector of predictors for the mean

a vector of predictors for the sd

a single value of the predictor (specify either t@1 or n@1 but not both)
a single value of the predictor (specify either t@2 or n@2 but not both)

model parameters for calculating logf
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gev_pl2_setics

Set initial conditions

Description

Set initial conditions

Usage

gev_pl2_setics(x, t1, t2, ics)

Arguments

X
t1
t2

ics

Value

Vector

a vector of training data values
a vector of predictors for the mean
a vector of predictors for the sd

initial conditions for the maximum likelihood search



348

gev_pl2_waic

gev_pl2_waic

Waic

Description

Waic

Usage

gev_pl12_waic(
waicscores,

X!

t1,

t2,
vlhat,
d1,
v2hat,
d2,
v3hat,
d3,
v4hat,
d4,
v5hat,
ds,
lddi,
lddd,
lambdad,
aderivs

Arguments

waicscores

t1
t2
vlhat
d1
v2hat
d2
v3hat
d3
vdhat

logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)

a vector of training data values

a vector of predictors for the mean

a vector of predictors for the sd

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the delta used in the numerical derivatives with respect to the parameter

fourth parameter
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d4 the delta used in the numerical derivatives with respect to the parameter

vbhat fifth parameter

d5 the delta used in the numerical derivatives with respect to the parameter

1ddi inverse observed information matrix

1ddd third derivative of log-likelihood

lambdad derivative of the log prior

aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

Two numeric values.

gev_plk3_cp GEV Distribution with Known Shape with a Predictor, Predictions
Based on a Calibrating Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model *x*x the five
functions are as follows:

» gx**x_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.

e r*x%x_cp returns n random deviates from the predictive distribution.
o dxx*xx_cp returns the predictive density function at the specified values y
* pxx*xx_cp returns the predictive distribution function at the specified values y

o txx*xx_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-
rithm.
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Usage

qggev_plk3_cp(

)

X!
t,
t0 = NA,
n@ = NA,

p = seq(@0.1, 0.9, 0.1),
dl = 0.01,

d2 = 0.01,

fd3 = 0.01,

fdalpha = 0.01,

kshape = 0,

means = FALSE,
waicscores = FALSE,

pdf = FALSE,
dmgs = TRUE,
rust = FALSE,

nrust = le+05,
predictordata = TRUE,
centering = TRUE,
debug = FALSE,
aderivs = TRUE

rgev_plk3_cp(

)

n,

X,

t,

t0 = NA,

nd = NA,

dl = 0.01,
d2 = 0.01,
fd3 = 0.01,
kshape = 0,
rust = FALSE,
mlcp = TRUE,

centering = TRUE,
debug = FALSE,
aderivs = TRUE

dgev_p1k3_cp(

X,

t,

t0 = NA,
nd = NA,
y =X,

gev_plk3 cp



gev_plk3 cp 351

d2 = 0.01,

fd3 = 0.01,
kshape = 0,

rust = FALSE,
nrust = 1000,
centering = TRUE,
debug = FALSE,
aderivs = TRUE

)

pgev_plk3_cp(
X,
t,
t0 = NA,
nd = NA,
y =X,
dl = 0.01,
d2 = 0.01,
fd3 = 0.01,
kshape = 0,
rust = FALSE,
nrust = 1000,

centering = TRUE,

debug = FALSE,

aderivs = TRUE

)
tgev_p1k3_cp(
n ’
X )
t,
dl = 0.01,
d2 = 0.01,
fd3 = 0.01,
kshape = 0,
debug = FALSE
)
Arguments
X a vector of training data values
t a vector of predictors, such that length(t)=1length(x)
t0 a single value of the predictor (specify either t@ or n@ but not both)
no an index for the predictor (specify either t@ or n@ but not both)
p a vector of probabilities at which to generate predictive quantiles
di if aderivs=FALSE, the delta used for numerical derivatives with respect to the

first parameter



d2

fd3

fdalpha

kshape

means

waicscores

pdf

dmgs

rust

nrust
predictordata
centering
debug

aderivs

mlcp

Value

gev_plk3 cp

if aderivs=FALSE, the delta used for numerical derivatives with respect to the
second parameter

if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the third parameter

if pdf=TRUE, the fractional delta used for numerical derivatives with respect to
probability, for calculating the pdf as a function of quantiles

the known shape parameter

logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)

logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC?2 scores (longer runtime)

logical that indicates whether to run additional calculations and return density
functions evaluated at quantiles specified by the input probabilities (longer run-
time)

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical that indicates whether predictordata should be calculated
logical that indicates whether the predictor should be centered
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

gx*x* returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.

* cp_quantiles: predictive quantiles calculated using a calibrating prior.

e maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, qx*x* additionally returns:
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* predictedparameter: the estimated value for parameter, as a function of the predictor.

¢ adjustedx: the detrended values of x
r*x** returns a list containing the following:
* ml_params: maximum likelihood estimates for the parameters.
* ml_deviates: random deviates calculated using maximum likelihood.

* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.
d*x** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_pdf: density function from maximum likelihood.

* cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
p** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
e ml_cdf: distribution function from maximum likelihood.

» cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
t**x* returns a list containing the following:

* theta_samples: random samples from the parameter posterior.

Details of the Model
The GEV distribution with known shape with a predictor has distribution function
F(z;a,b,0) = exp (—t(z; p(a, b), 0))

where
,b) - 1/5

exp (—Z=1lab)) if€=0

z—p(a .
t(z;a,b,0) = [1+£(7 (#‘7 ifE#0

where z is the random variable, ;. = a + bt is the location parameter, o > 0 is the shape parameter
and £ is known (hence the k3 in the name).

The calibrating prior we use is given by

1
7T(/J/7 g) X —
g

as given in Jewson et al. (2025).
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Optional Return Values
gx*x* optionally returns the following:
If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.
* waic2: the WAIC2 score for the calibrating prior model.
If logscores=TRUE:
* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)
* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)

If means=TRUE:

e ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible
* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
r*x*x optionally returns the following:
If rust=TRUE:
* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.
d*x*x optionally returns the following:
If rust=TRUE:
* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.
p**x* optionally returns the following:
If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.
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Details (homogeneous models)

This model is a homogeneous model, and the cp results are based on the right Haar prior. For
homogeneous models (models with sharply transitive transformation groups), a Bayesian prediction
based on the right Haar prior gives exact reliability, as shown by Severini et al. (2002), even when
the true parameters are unknown. This means that probabilities in the prediction will correspond to
frequencies of future outcomes in repeated trials (if the model is correct).

Maximum likelihood prediction does not give reliable predictions, even when the model is correct,
because it does not account for parameter uncertainty. In particular, maximum likelihood predic-
tions typically underestimate the tail in repeated trials.

The reliability of the maximum likelihood and the calibrating prior predictive quantiles produced by
the g****_cp routines in fitdistcp can be quantified using repeated simulations with the routine
reltest.

Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

* Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.
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See Also

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

* Cauchy (cauchy),

 Cauchy with linear predictor on the mean (cauchy_p1),

* Exponential (exp),

» Exponential with log-linear predictor on the scale (exp_p1),

 Frechet with known location parameter (frechet_k1),

* Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
¢ Gamma (gamma),

* Generalized normal (gnorm),

¢ GEV (gev),

* GEV with linear predictor on the location (gev_p1),

* GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

* GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

* GEV with linear predictor on the location and known shape (gev_p1k3),
* GEV with known shape (gev_k3),

e GPD with known location (gpd_k1),

¢ Gumbel (gumbel),

* Gumbel with linear predictor on the mean(gumbel_p1),

e Half-normal (halfnorm),

* Inverse gamma (invgamma),

* Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

* Logistic (logis),

* Logistic with linear predictor on the location (logis_p1),

* Log-normal (1norm),

* Log-normal with linear predictor on the location (1norm_p1),

e Normal (norm),

* Normal with linear predictor on the mean (norm_p1),

¢ Pareto with known scale (pareto_k2),

* Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
¢ Uniform (unif),

¢ Weibull (weibull),


http://www.fitdistcp.info/index.html
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* Weibull with linear predictor on the scale (weibull_p?2),

The level of predictive probability matching achieved by the maximum likelihood and calibrating
prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,

Examples

#

# example 1

x=fitdistcp::d150gev_pl_example_data_v1_x #use data for 150
tt=fitdistcp::d150gev_p1_example_data_vi_t

p=c(1:9)/10

no=10
g=qgev_plk3_cp(x=x,t=tt,n0=n0, t0=NA, p=p, rust=TRUE,nrust=1000)
xmin=min(g$ml_quantiles,g$cp_quantiles);
xmax=max(q$ml_quantiles,q$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”,xlim=c(xmin,xmax),
sub="(from qgev_plk3_cp)",

main="GEVD w/ p1: quantile estimates”);
points(g$cp_quantiles,p,col="red"”, lwd=2)
points(g$ru_quantiles,p,col="blue”,lwd=2)

cat(” ml_params=",q$ml_params, "\n")

gev_pl1k3_f1f DMGS equation 2.1, f1 term, fixed shape parameter

Description

DMGS equation 2.1, f1 term, fixed shape parameter
DMGS equation 2.1, fI term

Usage
gev_plk3_f1f(y, to, v1, di1, v2, d2, v3, fd3, kshape)

gev_plk3_f1f(y, to, v1, di1, v2, d2, v3, fd3, kshape)

Arguments
y a vector of values at which to calculate the density and distribution functions
to a single value of the predictor (specify either t@ or n@ but not both)
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter

v2 second parameter
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d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
Value
Matrix
gev_plk3_f1fa The first derivative of the density
Description

The first derivative of the density

Usage

gev_plk3_f1fa(x, t, v1, v2, v3, kshape)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vi first parameter
v2 second parameter
v3 third parameter
kshape the known shape parameter
Value

Vector
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gev_plk3_f2f GEVD-with-pl: DMGS equation 1.2 f2 term

Description

GEVD-with-pl: DMGS equation 1.2 f2 term
DMGS equation 2.1, f2 term

Usage
gev_plk3_f2f(y, to, v1, di1, v2, d2, v3, fd3, kshape)

gev_plk3_f2f(y, to, v1, d1, v2, d2, v3, fd3, kshape)

Arguments
y a vector of values at which to calculate the density and distribution functions
t0 a single value of the predictor (specify either t@ or n@ but not both)
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
Value
3d array
gev_plk3_f2fa The second derivative of the density
Description

The second derivative of the density

Usage
gev_plk3_f2fa(x, t, v1, v2, v3, kshape)
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Arguments

X a vector of training data values

t a vector or matrix of predictors

vi first parameter

v2 second parameter

v3 third parameter

kshape the known shape parameter
Value

Matrix

gev_plk3_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description

First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_plk3_fd(x, t, v1, v2, v3, v4)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter

Value

Vector
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gev_p1k3_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_plk3_fdd(x, t, v1, v2, v3, v4)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
Value
Matrix
gev_p1k3_ldd Second derivative matrix of the normalized log-likelihood, with fixed
shape parameter
Description

Second derivative matrix of the normalized log-likelihood, with fixed shape parameter

Second derivative matrix of the normalized log-likelihood

Usage

gev_plk3_ldd(x, t, vi1, d1, v2, d2, v3, fd3, kshape)

gev_plk3_ldd(x, t, v1, d1, v2, d2, v3, fd3, kshape)
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Arguments

X
t

v
di
v2
d2
v3
fd3

kshape

Value

gev_plk3_Idda

a vector of training data values

a vector or matrix of predictors

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known shape parameter

Square scalar matrix

gev_plk3_ldda

The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage

gev_plk3_ldda(x, t, v1, v2, v3, kshape)

Arguments

X
t

vl

v2

v3
kshape

Value

Matrix

a vector of training data values
a vector or matrix of predictors
first parameter

second parameter

third parameter

the known shape parameter
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gev_p1k3_lddd Third derivative tensor of the normalized log-likelihood, with fixed
shape parameter

Description

Third derivative tensor of the normalized log-likelihood, with fixed shape parameter

Third derivative tensor of the normalized log-likelihood

Usage
gev_plk3_lddd(x, t, v1, d1, v2, d2, v3, fd3, kshape)

gev_plk3_lddd(x, t, v1, d1, v2, d2, v3, fd3, kshape)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
Value
Cubic scalar array
gev_plk3_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage
gev_plk3_lddda(x, t, v1, v2, v3, kshape)
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Arguments

X
t

v

v2

v3
kshape

Value

3d array

gev_plk3_Imn

a vector of training data values
a vector or matrix of predictors
first parameter

second parameter

third parameter

the known shape parameter

gev_plk3_1mn

One component of the second derivative of the normalized log-
likelihood

Description

One component of the second derivative of the normalized log-likelihood

Usage

gev_plk3_Imn(x, t, v1, d1, v2, d2, v3, fd3, kshape, mm, nn)

Arguments

X
t
v
di
v2
d2
v3
fd3

kshape
mm

nn

Value

Scalar value

a vector of training data values

a vector or matrix of predictors

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known shape parameter
an index for which derivative to calculate

an index for which derivative to calculate
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gev_p1k3_1lmnp One component of the second derivative of the normalized log-
likelihood

Description

One component of the second derivative of the normalized log-likelihood

Usage

gev_plk3_1lmnp(x, t, v1, d1, v2, d2, v3, fd3, kshape, mm, nn, rr)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
mm an index for which derivative to calculate
nn an index for which derivative to calculate
rr an index for which derivative to calculate
Value
Scalar value
gev_plk3_logf Logf for RUST

Description

Logf for RUST

Usage
gev_plk3_logf(params, x, t, kshape)
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Arguments
params model parameters for calculating logf
X a vector of training data values
t a vector or matrix of predictors
kshape the known shape parameter

Value

Scalar value.

gev_p1k3_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description

Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

gev_plk3_logfdd(x, t, v1, v2, v3, v4)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter

Value

Matrix
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gev_p1k3_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description

Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
gev_plk3_logfddd(x, t, v1, v2, v3, v4)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
Value
3d array
gev_plk3_loglik GEV-with-known-shape-with-p1 observed log-likelihood function
Description

GEV-with-known-shape-with-p1 observed log-likelihood function

Usage

gev_plk3_loglik(vv, x, t, kshape)

Arguments
vV parameters
X a vector of training data values
t a vector or matrix of predictors

kshape the known shape parameter
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Value

Scalar value.

gev_plk3_means Analytical expressions for Predictive Means RHP mean based on the
expectation of DMGS equation 2.1

Description
Analytical expressions for Predictive Means RHP mean based on the expectation of DMGS equation
2.1

Usage

gev_plk3_means(means, t@, ml_params, kshape, nx)

Arguments
means logical that indicates whether to return analytical estimates for the distribution
means (longer runtime)
t0 a single value of the predictor (specify either t@ or n@ but not both)
ml_params parameters
kshape the known shape parameter
nx length of training data
Value

Two scalars

gev_plk3_mulf GEVD-with-pl: DMGS equation 3.3 mul term, fixed shape parameter

Description

GEVD-with-pl: DMGS equation 3.3 mul term, fixed shape parameter
DMGS equation 3.3, mul term

Usage
gev_plk3_mulf(alpha, to, vi1, di, v2, d2, v3, fd3, kshape)

gev_plk3_mulf(alpha, to, v1, di1, v2, d2, v3, fd3, kshape)



gev_plk3_mulfa

Arguments
alpha
to
v
di
v2
d2
v3
fd3

kshape

Value

Matrix

369

a vector of values of alpha (one minus probability)

a single value of the predictor (specify either t@ or n@ but not both)
first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known shape parameter

gev_plk3_mulfa

Minus the first derivative of the cdf, at alpha

Description

Minus the first derivative of the cdf, at alpha

Usage

gev_plk3_mulfa(alpha, t, v1, v2, v3, kshape)

Arguments

alpha
t

v

V2

v3
kshape

Value

Vector

a vector of values of alpha (one minus probability)
a vector or matrix of predictors

first parameter

second parameter

third parameter

the known shape parameter
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gev_pl1k3_mu2f GEVD-with-pl: DMGS equation 3.3 mu2 term, fixed shape parameter

Description

GEVD-with-pl: DMGS equation 3.3 mu2 term, fixed shape parameter
DMGS equation 3.3, mu2 term

Usage
gev_plk3_mu2f(alpha, to, v1, di, v2, d2, v3, fd3, kshape)

gev_plk3_mu2f(alpha, to, v1, di1, v2, d2, v3, fd3, kshape)

Arguments
alpha a vector of values of alpha (one minus probability)
t0 a single value of the predictor (specify either t@ or n@ but not both)
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
kshape the known shape parameter
Value
3d array
gev_plk3_mu2fa Minus the second derivative of the cdf, at alpha
Description

Minus the second derivative of the cdf, at alpha

Usage
gev_plk3_mu2fa(alpha, t, v1, v2, v3, kshape)
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Arguments

alpha a vector of values of alpha (one minus probability)

t a vector or matrix of predictors

vl first parameter

v2 second parameter

v3 third parameter

kshape the known shape parameter
Value

Matrix

gev_p1k3_pd First derivative of the cdf Created by Stephen Jewson using Deriv() by
Andrew Clausen and Serguei Sokol

Description

First derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and Serguei

Sokol

Usage

gev_plk3_pd(x, t, v1, v2, v3, v4)

Arguments
X
t
v
v2
v3
v4

Value

Vector

a vector of training data values
a vector or matrix of predictors
first parameter

second parameter

third parameter

fourth parameter
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gev_p1k3_pdd Second derivative of the cdf Created by Stephen Jewson using Deriv()
by Andrew Clausen and Serguei Sokol

Description
Second derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
gev_plk3_pdd(x, t, v1, v2, v3, v4)

Arguments
a vector of training data values
a vector or matrix of predictors
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
Value
Matrix

gev_plk3_predictordata
Predicted Parameter and Generalized Residuals

Description

Predicted Parameter and Generalized Residuals

Usage

gev_plk3_predictordata(predictordata, x, t, t@, params, kshape)

Arguments

predictordata logical that indicates whether to calculate and return predictordata

X a vector of training data values

t a vector or matrix of predictors

to a single value of the predictor (specify either t@ or n@ but not both)
params model parameters for calculating logf

kshape the known shape parameter
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Value

Two vectors
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gev_plk3_waic

Waic

Description

Waic

Usage

gev_plk3_waic(
waicscores,
X,
t,
vlhat,
di,
v2hat,
d2,
v3hat,
fd3,
kshape,
lddi,
lddd,
lambdad,
aderivs

Arguments

waicscores

vlhat
di
v2hat
d2
v3hat
fd3

kshape
lddi

logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)

a vector of training data values

a vector or matrix of predictors

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known shape parameter

inverse observed information matrix



374 gev_pl_cp

lddd third derivative of log-likelihood

lambdad derivative of the log prior

aderivs logical for whether to use analytic derivatives (instead of numerical)
Value

Two numeric values.

gev_p1_checkmle Check MLE

Description

Check MLE

Usage

gev_pl_checkmle(ml_params, minxi, maxxi)

Arguments
ml_params parameters
minxi minimum value of shape parameter xi
maxxi maximum value of shape parameter xi
Value

No return value (just a message to the screen).

gev_pl_cp Generalized Extreme Value Distribution with a Predictor, Predictions
Based on a Calibrating Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model ***x the five
functions are as follows:

» g#*x*_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.
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The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-

* rx**xx_cp returns n random deviates from the predictive distribution.
o dxx*xx_cp returns the predictive density function at the specified values y
* p**xx%_cp returns the predictive distribution function at the specified values y

e txx*xx_cp returns n random deviates from the posterior distribution of the model parameters.

rithm.
Usage
agev_p1_cp(
X,
t,
t0 = NA,
ne = NA,

p = seq(@0.1, 0.9, 0.1),

ics = c(0, o, 0, 0),
dl = 0.01,

d2 = 0.01,
fd3 = 0.01,
d4 = 0.01,
fdalpha = 0.01,
minxi = -0.45,

maxxi = 0.45,
means = FALSE,
waicscores = FALSE,
extramodels = FALSE,

pdf = FALSE,
dmgs = TRUE,
rust = FALSE,

nrust = le+05,
predictordata = TRUE,
centering = TRUE,
debug = FALSE,
aderivs = TRUE

)
rgev_pl_cp(
n,
X)
t,
t0 = NA,
nd = NA,

ics = c(0, 0, 0, 0),
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dl = 0.01,

d2 = 0.01,

fd3 = 0.01,

d4 = 0.01,
minxi = -0.45,
maxxi = 0.45,
extramodels = FALSE,
rust = FALSE,
mlcp = TRUE,
debug = FALSE,
aderivs = TRUE

)
dgev_p1_cp(
X,
t,
t0 = NA,
nd = NA,
y =X,
ics = c(0, o, 0, 0),
dl = 0.01,
d2 = 0.01,
fd3 = 0.01,
d4 = 0.01,
minxi = -0.45,

maxxi = 0.45,
extramodels = FALSE,
rust = FALSE,

nrust = 1000,
centering = TRUE,
debug = FALSE,
aderivs = TRUE

)
pgev_p1_cp(
X,
t,
10 = NA,
no = NA,
y = X,
ics = c(0, 0, 0, 0),
di 0.01,
d2 = 9.01,
fd3 = 0.01,
d4 = 0.01,
minxi = -0.45,

maxxi = 0.45,
extramodels = FALSE,

gev_pl_cp
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rust = FALSE,
nrust = 1000,
centering = TRUE,
debug = FALSE,
aderivs = TRUE

)
tgev_p1_cp(
n,
X,
t,
ics = c(0, 0, 0, 0),
dl = 0.01,
d2 = 0.01,
fd3 = 0.01,
d4 = 0.01,

extramodels = FALSE,
debug = FALSE

)
Arguments

X a vector of training data values

t a vector of predictors, such that length(t)=1length(x)

t0 a single value of the predictor (specify either t@ or n@ but not both)

no an index for the predictor (specify either t@ or n@ but not both)

p a vector of probabilities at which to generate predictive quantiles

ics initial conditions for the maximum likelihood search

d1 if aderivs=FALSE, the delta used for numerical derivatives with respect to the
first parameter

d2 if aderivs=FALSE, the delta used for numerical derivatives with respect to the
second parameter

fd3 if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the third parameter

d4 if aderivs=FALSE, the delta used for numerical derivatives with respect to the
fourth parameter

fdalpha if pdf=TRUE, the fractional delta used for numerical derivatives with respect to
probability, for calculating the pdf as a function of quantiles

minxi the minimum allowed value of the shape parameter (decrease with caution)

maxxi the maximum allowed value of the shape parameter (increase with caution)

means logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)

waicscores logical that indicates whether to run additional calculations and return estimates

for the WAIC1 and WAIC2 scores (longer runtime)



extramodels

pdf

dmgs

rust

nrust
predictordata
centering
debug

aderivs

mlcp

Value

gev_pl_cp

logical that indicates whether to run additional calculations and add three addi-
tional prediction models (longer runtime)

logical that indicates whether to run additional calculations and return density
functions evaluated at quantiles specified by the input probabilities (longer run-
time)

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical that indicates whether predictordata should be calculated
logical that indicates whether the predictor should be centered
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

gx*x* returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.

* cp_quantiles: predictive quantiles calculated using a calibrating prior.

e maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, g*x*** additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

¢ adjustedx: the detrended values of x

r**%* returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.

* ml_deviates: random deviates calculated using maximum likelihood.

* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.
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d*x** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_pdf: density function from maximum likelihood.

» cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

e ml_params: maximum likelihood estimates for the parameters.
* ml_cdf: distribution function from maximum likelihood.

» cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
t**x* returns a list containing the following:

* theta_samples: random samples from the parameter posterior.

Details of the Model

The GEV distribution with a predictor has distribution function

F(l’, a, bv g, f) = exXp (_t(x; /J((L, b)v a, f))

where

_ [1+£(“”§“’b))rl/§ ifE#0

t(z; p(a, b), 0, €)
exp (=) ) if € =0

where z is the random variable, 1 = a + bt is the location parameter, modelled as a function of
parameters a, b and predictor ¢, and o > 0, £ are the scale and shape parameters.

The calibrating prior we use is given by

1
b _
7T(a, » 0, é-) X o

as given in Jewson et al. (2025).

The code will stop with an error if the input data gives a maximum likelihood value for the shape pa-
rameter that lies outside the range (minxi,maxxi), since outside this range there may be numerical
problems. Such values seldom occur in real observed data for maxima.
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Optional Return Values
gx*x* optionally returns the following:
If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

* waicl: the WAICI score for the calibrating prior model.
* waic2: the WAIC2 score for the calibrating prior model.
If logscores=TRUE:
* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)
* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)

If means=TRUE:

e ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible
* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
r*x*x optionally returns the following:
If rust=TRUE:
* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.
d*x*x optionally returns the following:
If rust=TRUE:
* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.
p**x* optionally returns the following:
If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.
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Optional Return Values (EVT models only)

gx*x* optionally returns the following, for EVT models only:

e cp_pdf: the density function at quantiles corresponding to input probabilities p. We pro-
vide this for EVD models, because direct estimation of the density function using the DMGS
density equation is not possible.

Optional Return Values (some EVT models only)

q**** optionally returns the following, for some EVT models only:

If extramodels=TRUE:

e flat_quantiles: predictive quantiles calculated from Bayesian integration with a flat prior.

e rh_ml_quantiles: predictive quantiles calculated from Bayesian integration with the cali-
brating prior, and the maximmum likelihood estimate for the shape parameter.

* jp_quantiles: predictive quantiles calculated from Bayesian integration with Jeffreys’ prior.

rx*x* additionally returns the following, for some EVT models only:
If extramodels=TRUE:
e flat_deviates: predictive random deviates calculated using a Bayesian analysis with a flat
prior.

e rh_ml_deviates: predictive random deviates calculated using a Bayesian analysis with the
RHP-MLE prior.

* jp_deviates: predictive random deviates calculated using a Bayesian analysis with the JP.

d*x** additionally returns the following, for some EVT models only:

If extramodels=TRUE:

* flat_pdf: predictive density function from a Bayesian analysis with the flat prior.
e rh_ml_pdf: predictive density function from a Bayesian analysis with the RHP-MLE prior.

* jp_pdf: predictive density function from a Bayesian analysis with the JP.

p**x* additionally returns the following, for some EVT models only:

If extramodels=TRUE:

» flat_cdf: predictive distribution function from a Bayesian analysis with the flat prior.

* rh_ml_cdf: predictive distribution function from a Bayesian analysis with the RHP-MLE
prior.

* jp_cdf: predictive distribution function from a Bayesian analysis with the JP.

These additional predictive distributions are included for comparison with the calibrating prior
model. They generally give less good reliability than the calibrating prior.
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Details (non-homogeneous models)

This model is not homogeneous, i.e. it does not have a transitive transformation group, and so there
is no right Haar prior and no method for generating exactly reliable predictions. The cp outputs are
generated using a prior that has been shown in tests to give reasonable reliability. See Jewson et
al. (2024) for discussion of the prior and test results. For non-homogeneous models, reliability is
generally poor for small sample sizes (<20), but is still much better than maximum likelihood. For
small sample sizes, it is advisable to check the level of reliability using the routine reltest.

Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

» Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.

See Also

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

* Cauchy (cauchy),


https://ascmo.copernicus.org/articles/11/1/2025/
https://ascmo.copernicus.org/articles/11/1/2025/
http://www.fitdistcp.info/index.html
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* Cauchy with linear predictor on the mean (cauchy_p1),

» Exponential (exp),

» Exponential with log-linear predictor on the scale (exp_p1),

* Frechet with known location parameter (frechet_k1),

* Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
¢ Gamma (gamma),

¢ Generalized normal (gnorm),

¢ GEV (gev),

* GEV with linear predictor on the location (gev_p1),

* GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

* GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

* GEV with linear predictor on the location and known shape (gev_p1k3),
* GEV with known shape (gev_k3),

e GPD with known location (gpd_k1),

e Gumbel (gumbel),

* Gumbel with linear predictor on the mean(gumbel_p1),

¢ Half-normal (halfnorm),

* Inverse gamma (invgamma),

* Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

 Logistic (logis),
* Logistic with linear predictor on the location (logis_p1),
* Log-normal (1norm),
* Log-normal with linear predictor on the location (1norm_p1),
¢ Normal (norm),
* Normal with linear predictor on the mean (norm_p1),
¢ Pareto with known scale (pareto_k2),
* Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
e Uniform (unif),
e Weibull (weibull),
* Weibull with linear predictor on the scale (weibull_p?2),
The level of predictive probability matching achieved by the maximum likelihood and calibrating

prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,
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Examples
# example 1
x=fitdistcp::d150gev_p1_example_data_v1_x
tt=fitdistcp::d150gev_p1_example_data_vi_t
p=c(1:9)/10
no=10
g=qgev_pl_cp(x=x,t=tt,n0=n0d, t0=NA, p=p, rust=TRUE,nrust=1000)
xmin=min(g$ml_quantiles,g$cp_quantiles);
xmax=max(q$ml_quantiles,q$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”,xlim=c(xmin,xmax),
sub="(from qgev_pl_cp)",
main="GEVD w/ p1: quantile estimates”);
points(g$cp_quantiles,p,col="red"”, lwd=2)
points(g$ru_quantiles,p,col="blue”,lwd=2)
cat(” ml_params=",q$ml_params, "\n")
gev_pl1_f1f DMGS equation 2.1, f1 term
Description
DMGS equation 2.1, f1 term
Usage
gev_pl_fi1f(y, teo, vi, di1, v2, d2, v3, fd3, v4, d4)
Arguments
y a vector of values at which to calculate the density and distribution functions
to a single value of the predictor (specify either t@ or n@ but not both)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
Value

Matrix
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gev_pl_fifa The first derivative of the density

Description

The first derivative of the density

Usage

gev_pl_fi1fa(x, t, v1, v2, v3, v4)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vi first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
Value
Vector
gev_pl_f2f GEVD-with-pl: DMGS equation 1.2 f2 term
Description

GEVD-with-pl: DMGS equation 1.2 f2 term

Usage
gev_pl_f2f(y, te, vi1, di1, v2, d2, v3, fd3, v4, d4)

Arguments
y a vector of values at which to calculate the density and distribution functions
to a single value of the predictor (specify either t@ or n@ but not both)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter

d2 the delta used in the numerical derivatives with respect to the parameter
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v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
Value
3d array
gev_pl_f2fa The second derivative of the density
Description

The second derivative of the density

Usage

gev_pl_f2fa(x, t, v1, v2, v3, v4)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vi first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter

Value

Matrix
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gev_p1_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description
First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_pl_fd(x, t, v1, v2, v3, v4)

Arguments

X a vector of training data values

t a vector or matrix of predictors

vl first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter
Value

Vector

gev_p1_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_pl_fdd(x, t, v1, v2, v3, v4)
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Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
Value
Matrix
gev_pl_ggd Derivative of information matrix, based on ldd
Description

Derivative of information matrix, based on ldd

Usage
gev_pl_ggd(x, t, v1, di1, v2, d2, v3, fd3, v4, d4)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
Value

Square scalar matrix
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gev_pl1_ldd Second derivative matrix of the normalized log-likelihood

Description

Second derivative matrix of the normalized log-likelihood

Usage

gev_pl_ldd(x, t, v1, di1, v2, d2, v3, fd3, v4, d4)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
Value

Square scalar matrix

gev_p1_ldda The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage

gev_pl_ldda(x, t, v1, v2, v3, v4)
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Arguments

X a vector of training data values

t a vector or matrix of predictors

v first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter
Value

Matrix

gev_p1_lddd Third derivative tensor of the normalized log-likelihood, with fixed
shape parameter

Description

Third derivative tensor of the normalized log-likelihood, with fixed shape parameter

Usage
gev_p1_lddd(x,

Arguments

X
t
v
di
v2
d2
v3
fd3

v4
d4

Value

Cubic scalar array

t, v1, d1, v2, d2, v3, fd3, v4, d4)

a vector of training data values

a vector or matrix of predictors

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

fourth parameter

the delta used in the numerical derivatives with respect to the parameter
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gev_p1_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage

gev_pl_lddda(x, t, v1, v2, v3, v4)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
Value
3d array
gev_pl_1lmn One component of the second derivative of the normalized log-
likelihood
Description

One component of the second derivative of the normalized log-likelihood

Usage

gev_pl_lmn(x, t, v1, d1, v2, d2, v3, fd3, v4, d4, mm, nn)
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Arguments
X a vector of training data values
t a vector or matrix of predictors
vl first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-
eter
v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
mm an index for which derivative to calculate
nn an index for which derivative to calculate
Value
Scalar value
gev_p1_lmnp One component of the second derivative of the normalized log-

likelihood

Description

One component of the second derivative of the normalized log-likelihood

Usage

gev_pl_lmnp(x, t, v1, d1, v2, d2, v3, fd3, v4, d4, mm, nn, rr)

Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
d2 the delta used in the numerical derivatives with respect to the parameter
v3 third parameter
fd3 the fractional delta used in the numerical derivatives with respect to the param-

eter
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v4 fourth parameter
d4 the delta used in the numerical derivatives with respect to the parameter
mm an index for which derivative to calculate
nn an index for which derivative to calculate
rr an index for which derivative to calculate
Value

Scalar value

gev_p1_logf Logf for RUST

Description

Logf for RUST

Usage
gev_pl_logf(params, x, t)

Arguments
params model parameters for calculating logf
X a vector of training data values
t a vector or matrix of predictors
Value

Scalar value.

gev_p1_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description

Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
gev_pl_logfdd(x, t, v1, v2, v3, v4)
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Arguments

X a vector of training data values

t a vector or matrix of predictors

vi first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter
Value

Matrix

gev_p1_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description

Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage

gev_pl_logfddd(x, t, v1, v2, v3, v4)

Arguments
X a vector of training data values
t a vector or matrix of predictors
vi first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter

Value

3d array
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gev_pl_loglik observed log-likelihood function

Description

observed log-likelihood function

Usage
gev_pl_loglik(vv, x, t)

Arguments
Y parameters
X a vector of training data values
a vector or matrix of predictors
Value

Scalar value.

gev_p1l_means Analytical expressions for Predictive Means RHP mean based on the
expectation of DMGS equation 2.1

Description

Analytical expressions for Predictive Means RHP mean based on the expectation of DMGS equation
2.1

Usage

gev_pl_means(
means,
to,
ml_params,
lddi,
lddi_k4,
lddd,
lddd_k4,
lambdad_f1lat,
lambdad_rh_mle,
lambdad_rh_flat,

lambdad_jp,
nx,
dim = 4
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Arguments

means

to

ml_params
lddi

1ddi_k4

lddd

lddd_k4
lambdad_flat

gev_pl_mulf

logical that indicates whether to return analytical estimates for the distribution
means (longer runtime)

a single value of the predictor (specify either t@ or n@ but not both)
parameters

inverse observed information matrix

inverse observed information matrix, fixed shape parameter

third derivative of log-likelihood

third derivative of log-likelihood, fixed shape parameter

derivative of the log flat prior

lambdad_rh_mle derivative of the log CRHP-MLE prior

lambdad_rh_f1lat

derivative of the log CRHP-FLAT prior

lambdad_jp derivative of the log JP prior
nx length of training data
dim number of parameters
Value
Two scalars
gev_pl_mulf GEVD-with-pl: DMGS equation 3.3 mul term
Description

GEVD-with-pl: DMGS equation 3.3 mul term

Usage

gev_pl_mulf(alpha, te, vi1, di1, v2, d2, v3, fd3, v4, d4)

Arguments

alpha
t0

v

di

v2

d2

v3
fd3

v4
d4

a vector of values of alpha (one minus probability)

a single value of the predictor (specify either t@ or n@ but not both)
first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

fourth parameter
the delta used in the numerical derivatives with respect to the parameter
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Value

Matrix
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gev_pl_mulfa

Minus the first derivative of the cdf, at alpha

Description

Minus the first derivative of the cdf, at alpha

Usage

gev_pl_mulfa(alpha, t, v1, v2, v3, v4)

Arguments

alpha a vector of values of alpha (one minus probability)

t a vector or matrix of predictors

v first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter
Value

Vector

gev_p1_mu2f GEVD-with-pl: DMGS equation 3.3 mu2 term

Description

GEVD-with-pl: DMGS equation 3.3 mu2 term

Usage

gev_pl_mu2f(alpha, te, vi1, di, v2, d2, v3, fd3, v4, d4)



398

Arguments

alpha
to

v

d1

v2

d2

v3
fd3

v4
d4

Value

3d array

gev_pl_mu2fa

a vector of values of alpha (one minus probability)

a single value of the predictor (specify either t@ or n@ but not both)
first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

fourth parameter

the delta used in the numerical derivatives with respect to the parameter

gev_pl_mu2fa

Minus the second derivative of the cdf, at alpha

Description

Minus the second derivative of the cdf, at alpha

Usage

gev_pl_mu2fa(alpha, t, v1, v2, v3, v4)

Arguments
alpha
t
v
v2
v3
v4

Value

Matrix

a vector of values of alpha (one minus probability)
a vector or matrix of predictors

first parameter

second parameter

third parameter

fourth parameter
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gev_p1_pd First derivative of the cdf Created by Stephen Jewson using Deriv() by
Andrew Clausen and Serguei Sokol

Description
First derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and Serguei
Sokol

Usage

gev_pl_pd(x, t, vl, v2, v3, v4)

Arguments

X a vector of training data values

t a vector or matrix of predictors

vi first parameter

v2 second parameter

v3 third parameter

v4 fourth parameter
Value

Vector

gev_p1_pdd Second derivative of the cdf Created by Stephen Jewson using Deriv()
by Andrew Clausen and Serguei Sokol

Description

Second derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_pl_pdd(x, t, vl, v2, v3, v4)
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Arguments
X a vector of training data values
t a vector or matrix of predictors
v first parameter
v2 second parameter
v3 third parameter
v4 fourth parameter
Value
Matrix

gev_pl_predictordata Predicted Parameter and Generalized Residuals

Description

Predicted Parameter and Generalized Residuals

Usage

gev_pl_predictordata(predictordata, x, t, t@, params)

Arguments

predictordata logical that indicates whether to calculate and return predictordata

X a vector of training data values
t a vector or matrix of predictors
to a single value of the predictor (specify either t@ or n@ but not both)
params model parameters for calculating logf
Value

Two vectors
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gev_pl_setics Set initial conditions

Description

Set initial conditions

Usage

gev_pl_setics(x, t, ics)

Arguments

X a vector of training data values
t a vector or matrix of predictors

ics initial conditions for the maximum likelihood search

Value

Vector

gev_pl_waic Waic

Description

Waic

Usage

gev_pl_waic(
waicscores,
X,
t,
vlhat,
di,
v2hat,
d2,
v3hat,
fd3,
v4hat,
d4,
lddi,
lddd,
lambdad,
aderivs
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Arguments

waicscores

X
t
vlhat
di
v2hat
d2
v3hat
fd3

v4hat
d4

lddi
1ddd
lambdad

aderivs

Value

gev_pd

logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)

a vector of training data values

a vector or matrix of predictors

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the delta used in the numerical derivatives with respect to the parameter
third parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

fourth parameter

the delta used in the numerical derivatives with respect to the parameter
inverse observed information matrix

third derivative of log-likelihood

derivative of the log prior

logical for whether to use analytic derivatives (instead of numerical)

Two numeric values.

gev_pd

First derivative of the cdf Created by Stephen Jewson using Deriv() by
Andrew Clausen and Serguei Sokol

Description

First derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and Serguei

Sokol

Usage

gev_pd(x, v1, v2, v3)

Arguments

X
2
v2
v3

a vector of training data values
first parameter
second parameter

third parameter
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Value
Vector
gev_pdd Second derivative of the cdf Created by Stephen Jewson using Deriv()
by Andrew Clausen and Serguei Sokol
Description

Second derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gev_pdd(x, v1, v2, v3)

Arguments

X a vector of training data values

vl first parameter

v2 second parameter

v3 third parameter
Value

Matrix

gev_pwm_params PWM parameter estimation

Description

PWM parameter estimation

Usage

gev_pwm_params (x)

Arguments

X a vector of training data values

Value

Vector
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gev_setics Set initial conditions

Description

Set initial conditions

Usage

gev_setics(x, ics)

Arguments

X a vector of training data values

ics initial conditions for the maximum likelihood search

Value

Vector

gev_waic Waic

Description

Waic

Usage

gev_waic(
waicscores,
X,
vlhat,
di,
v2hat,
fd2,
v3hat,
d3,
lddi,
lddd,
lambdad,
aderivs
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Arguments

waicscores

X
vlhat
di
v2hat
fd2

v3hat
d3

lddi
1ddd
lambdad

aderivs

Value

405

logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)

a vector of training data values

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

third parameter

the delta used in the numerical derivatives with respect to the parameter
inverse observed information matrix

third derivative of log-likelihood

derivative of the log prior

logical for whether to use analytic derivatives (instead of numerical)

Two numeric values.

gnorm_k3_cp

Generalized Normal Distribution Predictions Based on a Calibrating
Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model ***x the five
functions are as follows:

» gx**x_cp returns predictive quantiles at the specified probabilities p, and various other diag-

nostics.

* rx**xx_cp returns n random deviates from the predictive distribution.

o dxx*xx_cp returns the predictive density function at the specified values y

* p**xx%_cp returns the predictive distribution function at the specified values y

o txx*xx_cp returns n random deviates from the posterior distribution of the model parameters.
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The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-
rithm.

Usage

ggnorm_k3_cp(

)

X,

p = seq(@0.1, 0.9, 0.1),

kbeta = 4,

dl = 0.01,

fd2 = 0.01,
means = FALSE,

waicscores = FALSE,
logscores = FALSE,

dmgs = TRUE,
rust = FALSE,
nrust = le+@5,
debug = FALSE,
aderivs = TRUE

rgnorm_k3_cp(

)

n,

X,

dl = 0.01,
fd2 = 0.01,
kbeta = 4,
rust = FALSE,
mlcp = TRUE,

debug = FALSE,
aderivs = TRUE

dgnorm_k3_cp(

X,

y =X,

dl = 0.01,
fd2 = 0.01,
kbeta = 4,
rust = FALSE,
nrust = 1000,

debug = FALSE,
aderivs = TRUE
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pgnorm_k3_cp(

X,

y = X,

dl = 0.01,
fd2 = 0.01,
kbeta = 4,
rust = FALSE,
nrust = 1000,

debug = FALSE,
aderivs = TRUE

)

tgnorm_k3_cp(n, x, d1 = 0.01, fd2 = 0.01, kbeta = 4, debug = FALSE)

Arguments

X a vector of training data values

p a vector of probabilities at which to generate predictive quantiles

kbeta the known beta parameter

d1 if aderivs=FALSE, the delta used for numerical derivatives with respect to the
first parameter

fd2 if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the second parameter

means logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)

waicscores logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC?2 scores (longer runtime)

logscores logical that indicates whether to run additional calculations and return leave-
one-out estimates of the log-score (much longer runtime, non-EVT models only)

dmgs logical that indicates whether DMGS calculations should be run or not (longer
run time)

rust logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

nrust the number of posterior samples used in the RUST calculations

debug logical for turning on debug messages

aderivs (for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

n the number of random samples required

mlcp logical that indicates whether maxlik and parameter uncertainty calculations

should be performed (turn off to speed up RUST)

y a vector of values at which to calculate the density and distribution functions
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Value

g*x** returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.
e ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.
* cp_quantiles: predictive quantiles calculated using a calibrating prior.
e maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, g#*** additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

e adjustedx: the detrended values of x

rx*x* returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_deviates: random deviates calculated using maximum likelihood.
* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.
d*x** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_pdf: density function from maximum likelihood.

* cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
p**#* returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_cdf: distribution function from maximum likelihood.

» cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
t**x* returns a list containing the following:

* theta_samples: random samples from the parameter posterior.
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Details of the Model

The generalized normal distribution has probability density function

. __ B (e—ule)”
f(l',/,L,Oé) - 20[].—‘(1/6)6

where x is the random variable, 1, « > 0 are the parameters and we consider (3 to be known (hence
the k3 in the name).
The calibrating prior is given by the right Haar prior, which is
a) X —
() o

as given in Jewson et al. (2025).

Optional Return Values

gx*x* optionally returns the following:
If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

e waicl: the WAICI score for the calibrating prior model.

* waic2: the WAIC2 score for the calibrating prior model.
If logscores=TRUE:

* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)

* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)

If means=TRUE:

* ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible
* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
r*x*x optionally returns the following:
If rust=TRUE:
* ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.
d*x** optionally returns the following:
If rust=TRUE:

* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.
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p*x*x optionally returns the following:

If rust=TRUE:

* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.

Details (homogeneous models)

This model is a homogeneous model, and the cp results are based on the right Haar prior. For
homogeneous models (models with sharply transitive transformation groups), a Bayesian prediction
based on the right Haar prior gives exact reliability, as shown by Severini et al. (2002), even when
the true parameters are unknown. This means that probabilities in the prediction will correspond to
frequencies of future outcomes in repeated trials (if the model is correct).

Maximum likelihood prediction does not give reliable predictions, even when the model is correct,
because it does not account for parameter uncertainty. In particular, maximum likelihood predic-
tions typically underestimate the tail in repeated trials.

The reliability of the maximum likelihood and the calibrating prior predictive quantiles produced by
the g****_cp routines in fitdistcp can be quantified using repeated simulations with the routine
reltest.

Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>
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References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

See Also

Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

Cauchy (cauchy),

Cauchy with linear predictor on the mean (cauchy_p1),

Exponential (exp),

Exponential with log-linear predictor on the scale (exp_p1),

Frechet with known location parameter (frechet_k1),

Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
Gamma (gamma),

Generalized normal (gnorm),

GEV (gev),

GEV with linear predictor on the location (gev_p1),

GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

GEV with linear predictor on the location and known shape (gev_p1k3),
GEV with known shape (gev_k3),

GPD with known location (gpd_k1),

Gumbel (gumbel),

Gumbel with linear predictor on the mean(gumbel_p1),

Half-normal (halfnorm),

Inverse gamma (invgamma),

Inverse Gaussian (invgauss),

t distribution with unknown location and scale and known DoF (1st_k3),

t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

Logistic (logis),
Logistic with linear predictor on the location (logis_p1),

Log-normal (1norm),


https://ascmo.copernicus.org/articles/11/1/2025/
https://ascmo.copernicus.org/articles/11/1/2025/
http://www.fitdistcp.info/index.html
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* Log-normal with linear predictor on the location (1norm_p1),

¢ Normal (norm),

* Normal with linear predictor on the mean (norm_p1),

e Pareto with known scale (pareto_k2),

* Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
¢ Uniform (unif),

e Weibull (weibull),

* Weibull with linear predictor on the scale (weibull_p?2),

The level of predictive probability matching achieved by the maximum likelihood and calibrating
prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,

Examples

#

# example 1
x=fitdistcp::d32gnorm_k3_example_data_v1
p=c(1:9)/10

g=qgnorm_k3_cp(x,p,kbeta=4, rust=TRUE,nrust=1000)
xmin=min(q$ml_quantiles,q$cp_quantiles);
xmax=max (q$ml_quantiles,g$cp_quantiles);
plot(g$ml_quantiles,p,xlab="quantile estimates”,xlim=c(xmin,xmax),
sub="(from qgnorm_k3_cp)",

main="gnorm: quantile estimates”);
points(g$cp_quantiles,p,col="red"”,lwd=2)
points(g$ru_quantiles,p,col="blue")

gnorm_k3_f1f DMGS equation 3.3, fI term

Description

DMGS equation 3.3, f1 term

Usage

gnorm_k3_f1f(y, v1, d1, v2, fd2, kbeta)
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Arguments

y

v
di
v2
fd2

kbeta

Value

Matrix
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a vector of values at which to calculate the density and distribution functions
first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known beta parameter

gnorm_k3_f1fa

The first derivative of the density

Description

The first derivative of the density

Usage

gnorm_k3_f1fa(x, v1, v2, kbeta)

Arguments

X
v
v2
kbeta

Value

Vector

a vector of training data values
first parameter
second parameter

the known beta parameter
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gnorm_k3_f2f DMGS equation 3.3, f2 term

Description

DMGS equation 3.3, f2 term

Usage
gnorm_k3_f2f(y, v1, d1, v2, fd2, kbeta)

Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kbeta the known beta parameter
Value
3d array
gnorm_k3_f2fa The second derivative of the density
Description

The second derivative of the density

Usage
gnorm_k3_f2fa(x, v1, v2, kbeta)

Arguments
X a vector of training data values
v first parameter
v2 second parameter

kbeta the known beta parameter
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Value
Matrix
Matrix
gnorm_k3_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol
Description

First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gnorm_k3_fd(x, v1, v2, v3)

Arguments
X a vector of training data values
v1 first parameter
v2 second parameter
v3 third parameter
Value
Vector
gnorm_k3_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol
Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage

gnorm_k3_fdd(x, v1, v2, v3)
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Arguments

X a vector of training data values

v first parameter

v2 second parameter

v3 third parameter
Value

Matrix

gnorm_k3_ldd Second derivative matrix of the normalized log-likelihood

Description

Second derivative matrix of the normalized log-likelihood

Usage

gnorm_k3_1dd(x, v1, d1, v2, fd2, kbeta)

Arguments
X a vector of training data values
vl first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kbeta the known beta parameter
Value

Square scalar matrix
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gnorm_k3_1ldda

The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage

gnorm_k3_ldda(x, v1, v2, kbeta)

Arguments

X
v
v2
kbeta

Value

Matrix

a vector of training data values
first parameter
second parameter

the known beta parameter

gnorm_k3_1ddd

Third derivative tensor of the normalized log-likelihood

Description

Third derivative tensor of the normalized log-likelihood

Usage

gnorm_k3_1ddd(x, v1, d1, v2, fd2, kbeta)

Arguments

X
v
d1
v2
fd2

kbeta

Value

Cubic scalar array

a vector of training data values

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known beta parameter
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gnorm_k3_lddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage
gnorm_k3_lddda(x, v1, v2, kbeta)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter
kbeta the known beta parameter
Value
3d array
gnorm_k3_1mn One component of the second derivative of the normalized log-
likelihood
Description

One component of the second derivative of the normalized log-likelihood

Usage

gnorm_k3_1mn(x, v1, d1, v2, fd2, kbeta, mm, nn)

Arguments
X a vector of training data values
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kbeta the known beta parameter
mm an index for which derivative to calculate

nn an index for which derivative to calculate
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Value

Scalar value

gnorm_k3_logf Logf for RUST

Description

Logf for RUST

Usage
gnorm_k3_logf(params, x, kbeta)

Arguments
params model parameters for calculating logf
X a vector of training data values
kbeta the known beta parameter

Value

Scalar value.

gnorm_k3_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
gnorm_k3_logfdd(x, v1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
v3 third parameter
Value

Matrix
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gnorm_k3_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol

Description
Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
gnorm_k3_logfddd(x, v1, v2, v3)

Arguments

X a vector of training data values

v first parameter

v2 second parameter

v3 third parameter
Value

3d array

gnorm_k3_loglik log-likelihood function

Description

log-likelihood function

Usage
gnorm_k3_loglik(vv, x, kbeta)

Arguments
Y parameters
X a vector of training data values
kbeta the known beta parameter
Value

Scalar value.
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gnorm_k3_logscores Log scores for MLE and RHP predictions calculated using leave-one-
out

Description

Log scores for MLE and RHP predictions calculated using leave-one-out

Usage

gnorm_k3_logscores(logscores, x, d1 = 0.01, fd2 = 0.01, kbeta, aderivs)

Arguments
logscores logical that indicates whether to return leave-one-out estimates estimates of the
log-score (much longer runtime)
X a vector of training data values
di the delta used in the numerical derivatives with respect to the parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kbeta the known beta parameter
aderivs logical for whether to use analytic derivatives (instead of numerical)
Value
Two scalars
gnorm_k3_mulf DMGS equation 3.3, mul term
Description

DMGS equation 3.3, mul term

Usage

gnorm_k3_mulf(alpha, v1, d1, v2, fd2, kbeta)
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Arguments
alpha a vector of values of alpha (one minus probability)
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kbeta the known beta parameter
Value
Matrix
gnorm_k3_mu2f DMGS equation 3.3, mu2 term
Description

DMGS equation 3.3, mu2 term

Usage

gnorm_k3_mu2f(alpha, v1, d1, v2, fd2, kbeta)

Arguments
alpha a vector of values of alpha (one minus probability)
vl first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kbeta the known beta parameter
Value

3d array
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gnorm_k3_p1f DMGS equation 3.3, pl term

Description

DMGS equation 3.3, pl term

Usage
gnorm_k3_p1f(y, v1, d1, v2, fd2, kbeta)

Arguments
y a vector of values at which to calculate the density and distribution functions
V1 first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kbeta the known beta parameter
Value
Matrix
gnorm_k3_p2f DMGS equation 3.3, p2 term
Description

DMGS equation 3.3, p2 term

Usage
gnorm_k3_p2f(y, v1, d1, v2, fd2, kbeta)

Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-

eter

kbeta the known beta parameter
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Value
3d array
gnorm_lmnp One component of the second derivative of the normalized log-
likelihood
Description

One component of the second derivative of the normalized log-likelihood

Usage

gnorm_lmnp(x, v1, d1, v2, fd2, kbeta, mm, nn, rr)

Arguments
X a vector of training data values
vi first parameter
di the delta used in the numerical derivatives with respect to the parameter
v2 second parameter
fd2 the fractional delta used in the numerical derivatives with respect to the param-
eter
kbeta the known beta parameter
mm an index for which derivative to calculate
nn an index for which derivative to calculate
rr an index for which derivative to calculate
Value

Scalar value
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gnorm_waic

Waic for RUST

Description

Waic for RUST

Usage

gnorm_waic(
waicscores,

X,
vlhat,
d1,
v2hat,
fd2,
kbeta,
lddi,
lddd,
lambdad,
aderivs

Arguments

waicscores

X
vlhat
di
v2hat
fd2

kbeta
lddi
1ddd
lambdad

aderivs

Value

logical that indicates whether to return estimates for the waicl and waic2 scores
(longer runtime)

a vector of training data values

first parameter

the delta used in the numerical derivatives with respect to the parameter
second parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

the known beta parameter

inverse observed information matrix
third derivative of log-likelihood
derivative of the log prior

logical for whether to use analytic derivatives (instead of numerical)

Two numeric values.
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gpd_k13_f1f DMGS equation 3.3, fl term

Description

DMGS equation 3.3, 1 term

Usage
gpd_k13_f1f(y, v1, fd1, v2, kloc)

Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
kloc the known location parameter
Value
Matrix
gpd_k13_f1fa The first derivative of the density
Description

The first derivative of the density

Usage
gpd_k13_f1fa(x, v1, v2, kloc)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
kloc the known location parameter
Value

Vector
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gpd_k13_f2f DMGS equation 3.3, f2 term

Description

DMGS equation 3.3, f2 term

Usage
gpd_k13_f2f(y, v1, fd1, v2, kloc)

Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
kloc the known location parameter
Value
3d array
gpd_k13_f2fa The second derivative of the density
Description

The second derivative of the density

Usage
gpd_k13_f2fa(x, v1, v2, kloc)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
kloc the known location parameter
Value

Matrix
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gpd_k13_fd First derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol

Description
First derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
gpd_k13_fd(x, v1, v2, v3)

Arguments
X a vector of training data values
vl first parameter
v2 second parameter
v3 third parameter
Value
Vector
gpd_k13_fdd Second derivative of the density Created by Stephen Jewson using De-
riv() by Andrew Clausen and Serguei Sokol
Description

Second derivative of the density Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
gpd_k13_fdd(x, v1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
v3 third parameter
Value

Matrix
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gpd_k13_111 One component of the second derivative of the normalized log-
likelihood
Description

One component of the second derivative of the normalized log-likelihood

Usage

gpd_k13_111(x, v1, fd1, v2, kloc)

Arguments

X
vl
fdi

v2
kloc

Value

Scalar value

a vector of training data values
first parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

second parameter

the known location parameter

gpd_k13_1111

One component of the third derivative of the normalized log-likelihood

Description

One component of the third derivative of the normalized log-likelihood

Usage

gpd_k13_1111(x, v1, fd1, v2, kloc)

Arguments

X
v1
fd1

v2
kloc

a vector of training data values
first parameter

the fractional delta used in the numerical derivatives with respect to the param-
eter

second parameter

the known location parameter
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Value

Scalar value

gpd_k13_1dd Second derivative matrix of the normalized log-likelihood, with fixed
shape

Description

Second derivative matrix of the normalized log-likelihood, with fixed shape

Usage
gpd_k13_1dd(x, v1, fd1, v2, kloc)

Arguments
X a vector of training data values
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
kloc the known location parameter
Value

Square scalar matrix

gpd_k13_1dda The second derivative of the normalized log-likelihood

Description

The second derivative of the normalized log-likelihood

Usage
gpd_k13_ldda(x, v1, v2, kloc)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter

kloc the known location parameter
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Value

Matrix

gpd_k13_1ddd Third derivative tensor of the normalized log-likelihood

Description

Third derivative tensor of the normalized log-likelihood

Usage
gpd_k13_1ddd(x, v1, fd1, v2, kloc)

Arguments
X a vector of training data values
vi first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
kloc the known location parameter
Value
Cubic scalar array
gpd_k13_1ddda The third derivative of the normalized log-likelihood

Description

The third derivative of the normalized log-likelihood

Usage
gpd_k13_lddda(x, v1, v2, kloc)

Arguments
X a vector of training data values
v first parameter
v2 second parameter

kloc the known location parameter
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Value
3d array
gpd_k13_logfdd Second derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol
Description

Second derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
gpd_k13_logfdd(x, v1, v2, v3)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter
v3 third parameter
Value
Matrix
gpd_k13_logfddd Third derivative of the log density Created by Stephen Jewson using
Deriv() by Andrew Clausen and Serguei Sokol
Description

Third derivative of the log density Created by Stephen Jewson using Deriv() by Andrew Clausen
and Serguei Sokol

Usage
gpd_k13_logfddd(x, v1, v2, v3)

Arguments
X a vector of training data values
vi first parameter
v2 second parameter

v3 third parameter
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Value

3d array

gpd_k13_mulf DMGS equation 3.3, mul term

Description

DMGS equation 3.3, mul term

Usage
gpd_k13_mulf(alpha, v1, fd1, v2, kloc)

Arguments

alpha a vector of values of alpha (one minus probability)

v first parameter

fd1 the fractional delta used in the numerical derivatives with respect to the param-

eter

v2 second parameter

kloc the known location parameter
Value

Matrix

gpd_k13_mulfa Minus the first derivative of the cdf, at alpha

Description

Minus the first derivative of the cdf, at alpha

Usage
gpd_k13_mulfa(alpha, v1, v2, kloc)

Arguments
alpha a vector of values of alpha (one minus probability)
v first parameter
v2 second parameter

kloc the known location parameter
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Value

Vector

gpd_k13_mu2f DMGS equation 3.3, mu2 term

Description

DMGS equation 3.3, mu2 term

Usage
gpd_k13_mu2f(alpha, v1, fd1, v2, kloc)

Arguments

alpha a vector of values of alpha (one minus probability)

v first parameter

fd1 the fractional delta used in the numerical derivatives with respect to the param-

eter

v2 second parameter

kloc the known location parameter
Value

3d array

gpd_k13_mu2fa Minus the second derivative of the cdf, at alpha

Description

Minus the second derivative of the cdf, at alpha

Usage
gpd_k13_mu2fa(alpha, v1, v2, kloc)

Arguments
alpha a vector of values of alpha (one minus probability)
v first parameter
v2 second parameter

kloc the known location parameter
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Value

Matrix

gpd_k13_p1f DMGS equation 3.3, pl term

Description

DMGS equation 3.3, pl term

Usage
gpd_k13_p1f(y, v1, fd1, v2, kloc)

Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter
kloc the known location parameter
Value
Matrix
gpd_k13_p2f DMGS equation 3.3, p2 term
Description

DMGS equation 3.3, p2 term

Usage

gpd_k13_p2f(y, v1, fdl, v2, kloc)

Arguments
y a vector of values at which to calculate the density and distribution functions
v first parameter
fd1 the fractional delta used in the numerical derivatives with respect to the param-
eter
v2 second parameter

kloc the known location parameter
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Value
3d array
gpd_k13_pd First derivative of the cdf Created by Stephen Jewson using Deriv() by
Andrew Clausen and Serguei Sokol
Description

First derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and Serguei
Sokol

Usage
gpd_k13_pd(x, v1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter
v3 third parameter
Value
Vector
gpd_k13_pdd Second derivative of the cdf Created by Stephen Jewson using Deriv()
by Andrew Clausen and Serguei Sokol
Description

Second derivative of the cdf Created by Stephen Jewson using Deriv() by Andrew Clausen and
Serguei Sokol

Usage
gpd_k13_pdd(x, v1, v2, v3)

Arguments
X a vector of training data values
v first parameter
v2 second parameter

v3 third parameter



gpd_kl1_checkmle 437

Value

Matrix

gpd_k1_checkmle Check MLE

Description

Check MLE

Usage

gpd_k1_checkmle(ml_params, kloc, minxi, maxxi)

Arguments
ml_params parameters
kloc the known location parameter
minxi minimum value of shape parameter xi
maxxi maximum value of shape parameter xi
Value

No return value (just a message to the screen).

gpd_k1_cp Generalized Pareto Distribution with Known Location Parameter, Pre-
dictions Based on a Calibrating Prior

Description

The fitdistcp package contains functions that generate predictive distributions for various statis-
tical models, with and without parameter uncertainty. Parameter uncertainty is included by using
Bayesian prediction with a type of objective prior known as a calibrating prior. Calibrating priors
are chosen to give predictions that give good reliability (i.e., are well calibrated), for any underlying
true parameter values.

There are five functions for each model, each of which uses training data x. For model *x*x the five
functions are as follows:

o gx*x*xx_cp returns predictive quantiles at the specified probabilities p, and various other diag-
nostics.
* r*x%x_cp returns n random deviates from the predictive distribution.

o dx**xx_cp returns the predictive density function at the specified values y
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* p**xx%_cp returns the predictive distribution function at the specified values y

gpd_kl_cp

* txx*xx_cp returns n random deviates from the posterior distribution of the model parameters.

The q, r, d, p routines return two sets of results, one based on maximum likelihood, and the other
based on a calibrating prior. The prior used depends on the model, and is given under Details below.

Where possible, the Bayesian prediction integral is solved analytically. Otherwise, DMGS asymp-
totic expansions are used. Optionally, a third set of results is returned that integrates the prediction
integral by sampling the parameter posterior distribution using the RUST rejection sampling algo-

rithm.
Usage

agpd_k1_cp(
X,
p = seq(@0.1, 0.9, 0.1),
kloc = 0,
ics = c(0, 0),
fd1 = 0.01,
d2 = 0.01,

fdalpha = 0.01,
customprior = 0,
minxi = -0.45,

maxxi = 2,

means = FALSE,
waicscores = FALSE,
extramodels = FALSE,

pdf = FALSE,
dmgs = TRUE,
rust = FALSE,

nrust = 1e+0@5,
debug = FALSE,
aderivs = TRUE

)

rgpd_k1_cp(
n,
X,
kloc = 0,
ics = c(0, 0),
fd1 = 0.01,
d2 = 0.01,
minxi = -0.45,
maxxi = 2,
extramodels = FALSE,
rust = FALSE,
mlcp = TRUE,

debug = FALSE,
aderivs = TRUE
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)

dgpd_k1_cp(

)

X,

y =X,

kloc = 0,

ics = c(0, 0),
fdl = 0.01,

d2 = 0.01,
customprior = 0,
minxi = -0.45,
maxxi = 2,
extramodels = FALSE,
rust = FALSE,
nrust = 1000,
debug = FALSE,
aderivs = TRUE

pgpd_k1_cp(

X,

y =X,

kloc = 0,

ics = c(0, 0),
fdl = 0.01,

d2 = 0.01,
customprior = 0,
minxi = -0.45,
maxxi = 2,
extramodels = FALSE,
rust = FALSE,
nrust = 1000,
debug = FALSE,
aderivs = TRUE

)
tgpd_k1_cp(
n)
X)
kloc = 0,
ics = c(0, 0),
fdl = 0.01,
d2 = 0.01,

extramodels = FALSE,
debug = FALSE
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X

p
kloc

ics

fd1

d2

fdalpha
customprior
minxi

maxxi

means
waicscores

extramodels

pdf

dmgs

rust

nrust
debug

aderivs

mlcp

Details

gpd_kl_cp

a vector of training data values

a vector of probabilities at which to generate predictive quantiles
the known location parameter

initial conditions for the maximum likelihood search

if aderivs=FALSE, the fractional delta used for numerical derivatives with re-
spect to the first parameter

if aderivs=FALSE, the delta used for numerical derivatives with respect to the
second parameter

if pdf=TRUE, the fractional delta used for numerical derivatives with respect to
probability, for calculating the pdf as a function of quantiles

a custom value for the slope of the log prior at the maxlik estimate
the minimum allowed value of the shape parameter (decrease with caution)
the maximum allowed value of the shape parameter (increase with caution)

logical that indicates whether to run additional calculations and return analytical
estimates for the distribution means (longer runtime)

logical that indicates whether to run additional calculations and return estimates
for the WAIC1 and WAIC2 scores (longer runtime)

logical that indicates whether to run additional calculations and add three addi-
tional prediction models (longer runtime)

logical that indicates whether to run additional calculations and return density
functions evaluated at quantiles specified by the input probabilities (longer run-
time)

logical that indicates whether DMGS calculations should be run or not (longer
run time)

logical that indicates whether RUST-based posterior sampling calculations should
be run or not (longer run time)

the number of posterior samples used in the RUST calculations
logical for turning on debug messages

(for code testing only) logical for whether to use analytic derivatives (instead of
numerical). By default almost all models now use analytical derivatives.

the number of random samples required

logical that indicates whether maxlik and parameter uncertainty calculations
should be performed (turn off to speed up RUST)

a vector of values at which to calculate the density and distribution functions

The GP distribution has exceedcance distribution function

oy = J LT g0
S(z;p,0,€) {exp(—w) ifé=0
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where x is the random variable and p, o > 0, £ are the parameters.

The calibrating prior we use is given by

1
7'('(,[1,, a, f) X ;

as given in Jewson et al. (2025).

The code will stop with an error if the input data gives a maximum likelihood value for the shape pa-
rameter that lies outside the range (minxi,maxxi), since outside this range there may be numerical
problems. Such values seldom occur in real observed data for maxima.

Value

gx*x* returns a list containing at least the following:

* ml_params: maximum likelihood estimates for the parameters.
e ml_value: the value of the log-likelihood at the maximum.

* standard_errors: estimates of the standard errors on the parameters, from the inverse ob-
served information matrix.

* ml_quantiles: quantiles calculated using maximum likelihood.
* cp_quantiles: predictive quantiles calculated using a calibrating prior.
e maic: the AIC score for the maximum likelihood model, times -1/2.

* cp_method: a comment about the method used to generate the cp prediction.

For models with predictors, gx*** additionally returns:

* predictedparameter: the estimated value for parameter, as a function of the predictor.

e adjustedx: the detrended values of x

r**%% returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_deviates: random deviates calculated using maximum likelihood.
* cp_deviates: predictive random deviates calculated using a calibrating prior.

* cp_method: a comment about the method used to generate the cp prediction.
d*x** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
* ml_pdf: density function from maximum likelihood.

* cp_pdf: predictive density function calculated using a calibrating prior (not available in EVT
routines, for mathematical reasons, unless using RUST).

* cp_method: a comment about the method used to generate the cp prediction.
p*** returns a list containing the following:

* ml_params: maximum likelihood estimates for the parameters.
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e ml_cdf: distribution function from maximum likelihood.

» cp_cdf: predictive distribution function calculated using a calibrating prior (not available in
EVT routines, for mathematical reasons, unless using RUST).

e cp_method: a comment about the method used to generate the cp prediction.
t**x returns a list containing the following:

* theta_samples: random samples from the parameter posterior.

Optional Return Values

g**** optionally returns the following:

If rust=TRUE:

* ru_quantiles: predictive quantiles calculated using a calibrating prior, using posterior sam-
pling with the RUST algorithm, based on inverting an empirical CDF based on nrust samples.

If waicscores=TRUE:

e waicl: the WAICI score for the calibrating prior model.

* waic2: the WAIC2 score for the calibrating prior model.
If logscores=TRUE:

* ml_oos_logscore: the leave-one-out logscore for the maximum likelihood prediction (not
available in EVT routines, for mathematical reasons)
* cp_oos_logscore: the leave-one-out logscore for the parameter uncertainty model available
in EVT routines, for mathematical reasons)
If means=TRUE:

* ml_mean: analytic estimate of the mean of the MLE predictive distribution, where possible
* cp_mean: analytic estimate of the mean of the calibrating prior predictive distribution, where
mathematically possible. Can be compared with the mean estimated from random deviates.
r*x*x optionally returns the following:
If rust=TRUE:
e ru_deviates: nrust predictive random deviatives calculated using a calibrating prior, using
posterior sampling with RUST.
dx*x* optionally returns the following:
If rust=TRUE:
* ru_pdf: predictive density calculated using a calibrating prior, using posterior sampling with
RUST, averaging over nrust density functions.
p**** optionally returns the following:

If rust=TRUE:
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* ru_cdf: predictive probability calculated using a calibrating prior, using posterior sampling
with RUST, averaging over nrust distribution functions.

Selecting these additional outputs increases runtime. They are optional so that runtime for the
basic outputs is minimised. This facilitates repeated experiments that evaluate reliability over many
thousands of repeats.

Optional Return Values (EVT models only)
g*x** optionally returns the following, for EVT models only:

e cp_pdf: the density function at quantiles corresponding to input probabilities p. We pro-
vide this for EVD models, because direct estimation of the density function using the DMGS
density equation is not possible.

Optional Return Values (some EVT models only)

q**** optionally returns the following, for some EVT models only:
If extramodels=TRUE:

* flat_quantiles: predictive quantiles calculated from Bayesian integration with a flat prior.

* rh_ml_quantiles: predictive quantiles calculated from Bayesian integration with the cali-
brating prior, and the maximmum likelihood estimate for the shape parameter.

* jp_quantiles: predictive quantiles calculated from Bayesian integration with Jeffreys’ prior.

rx*x* additionally returns the following, for some EVT models only:
If extramodels=TRUE:
* flat_deviates: predictive random deviates calculated using a Bayesian analysis with a flat
prior.

* rh_ml_deviates: predictive random deviates calculated using a Bayesian analysis with the
RHP-MLE prior.

* jp_deviates: predictive random deviates calculated using a Bayesian analysis with the JP.

dx*x* additionally returns the following, for some EVT models only:
If extramodels=TRUE:

e flat_pdf: predictive density function from a Bayesian analysis with the flat prior.
* rh_ml_pdf: predictive density function from a Bayesian analysis with the RHP-MLE prior.
* jp_pdf: predictive density function from a Bayesian analysis with the JP.

p**** additionally returns the following, for some EVT models only:
If extramodels=TRUE:

* flat_cdf: predictive distribution function from a Bayesian analysis with the flat prior.

e rh_ml_cdf: predictive distribution function from a Bayesian analysis with the RHP-MLE
prior.

* jp_cdf: predictive distribution function from a Bayesian analysis with the JP.

These additional predictive distributions are included for comparison with the calibrating prior
model. They generally give less good reliability than the calibrating prior.
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Details (non-homogeneous models)

This model is not homogeneous, i.e. it does not have a transitive transformation group, and so there
is no right Haar prior and no method for generating exactly reliable predictions. The cp outputs are
generated using a prior that has been shown in tests to give reasonable reliability. See Jewson et
al. (2024) for discussion of the prior and test results. For non-homogeneous models, reliability is
generally poor for small sample sizes (<20), but is still much better than maximum likelihood. For
small sample sizes, it is advisable to check the level of reliability using the routine reltest.

Details (DMGS integration)

For this model, the Bayesian prediction equation cannot be solved analytically, and is approximated
using the DMGS asymptotic expansions given by Datta et al. (2000). This approximation seems
to work well for medium and large sample sizes, but may not work well for small sample sizes
(e.g., <20 data points). For small sample sizes, it may be preferable to use posterior sampling by
setting rust=TRUE and looking at the ru outputs. The performance for any sample size, in terms of
reliability, can be tested using reltest.

Details (RUST)

The Bayesian prediction equation can also be integrated using ratio-of-uniforms-sampling-with-
transformation (RUST), using the option rust=TRUE. fitdistcp then calls Paul Northrop’s rust
package (Northrop, 2023). The RUST calculations are slower than the DMGS calculations.

For small sample sizes (e.g., n<20), and the very extreme tail, the DMGS approximation is some-
what poor (although always better than maximum likelihood) and it may be better to use RUST. For
medium sample sizes (30+), DMGS is reasonably accurate, except for the very far tail.

It is advisable to check the RUST results for convergence versus the number of RUST samples.

It may be interesting to compare the DMGS and RUST results.

Author(s)

Stephen Jewson <stephen. jewson@gmail.com>

References

If you use this package, we would be grateful if you would cite the following reference, which gives
the various calibrating priors, and tests them for reliability:

» Jewson S., Sweeting T. and Jewson L. (2024): Reducing Reliability Bias in Assessments of
Extreme Weather Risk using Calibrating Priors; ASCMO Advances in Statistical Climatol-
ogy, Meteorology and Oceanography), https://ascmo.copernicus.org/articles/11/1/
2025/.

See Also

An introduction to fitdistcp, with more examples, is given on this webpage.

The fitdistcp package currently includes the following models (in alphabetical order):

* Cauchy (cauchy),


https://ascmo.copernicus.org/articles/11/1/2025/
https://ascmo.copernicus.org/articles/11/1/2025/
http://www.fitdistcp.info/index.html
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* Cauchy with linear predictor on the mean (cauchy_p1),

» Exponential (exp),

» Exponential with log-linear predictor on the scale (exp_p1),

* Frechet with known location parameter (frechet_k1),

* Frechet with log-linear predictor on the scale and known location parameter (frechet_p2k1),
¢ Gamma (gamma),

¢ Generalized normal (gnorm),

¢ GEV (gev),

* GEV with linear predictor on the location (gev_p1),

* GEV with linear predictor on the location and log-linear prediction on the scale (gev_p12),

* GEV with linear predictor on the location, log-linear prediction on the scale, and linear pre-
dictor on the shape (gev_p123),

* GEV with linear predictor on the location and known shape (gev_p1k3),
* GEV with known shape (gev_k3),

e GPD with known location (gpd_k1),

e Gumbel (gumbel),

* Gumbel with linear predictor on the mean(gumbel_p1),

¢ Half-normal (halfnorm),

* Inverse gamma (invgamma),

* Inverse Gaussian (invgauss),

e t distribution with unknown location and scale and known DoF (1st_k3),

* t distribution with unknown location and scale, linear predictor on the location, and known
DoF (1st_p1k3),

 Logistic (logis),
* Logistic with linear predictor on the location (logis_p1),
* Log-normal (1norm),
* Log-normal with linear predictor on the location (1norm_p1),
¢ Normal (norm),
* Normal with linear predictor on the mean (norm_p1),
¢ Pareto with known scale (pareto_k2),
* Pareto with log-linear predictor on the shape and known scale (pareto_p1k2),
e Uniform (unif),
e Weibull (weibull),
* Weibull with linear predictor on the scale (weibull_p?2),
The level of predictive probability matching achieved by the maximum likelihood and calibrating

prior quantiles, for any model, sample size and true parameter values, can be demonstrated using
the routine reltest.

Model selection among models can be demonstrated using the routines ms_flat_1tail, ms_flat_2tail,
ms_predictors_1tail, and ms_predictors_2tail,
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Examples

#

# example 1
x=fitdistcp::d120gpd_k1_example_data_v1
p=c(1:9)/10

g=qgpd_k1_cp(x,p, rust=TRUE, nrust=1000)
xmin=min(g$ml_quantiles,g$cp_quantiles);
xmax=max (q$ml_quantiles,q$cp_qu