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COMDistribution Conway-Maxwell-Poisson (COM) Distribution
Description

These functions provide the density function, distribution function, quantile function, and random
number generation for the Conway-Maxwell-Poisson (COM) Distribution

Usage

dcom(x, mu
pcom(qg, mu

qgqcom(p, mu

NULL, lambda = 1, nu = 1, log = FALSE)

NULL, lambda = 1, nu

1, lower.tail = TRUE, log.p = FALSE)

NULL, lambda = 1, nu = 1)

rcom(n, mu = NULL, lambda = 1, nu = 1)

Arguments
X numeric value or a vector of values.
mu optional. Numeric value or vector of mean values for the distribution (the values
have to be greater than 0).
lambda optional. Numeric value or vector of values for the rate parameter of the dis-

tribution (the values have to be greater than 0). If mu is provided, lambda is
ignored.
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nu optional. Numeric value or vector of values for the decay parameter of the dis-
tribution ((the values have to be greater than 0).
log logical; if TRUE, probabilities p are given as log(p).
q quantile or a vector of quantiles.
lower.tail logical; if TRUE, probabilities p are P[X < z] otherwise, P[X > z].
log.p logical; if TRUE, probabilities p are given as log(p).
p probability or a vector of probabilities.
n the number of random numbers to generate.
Details

dcom computes the density (PDF) of the COM Distribution.

pcom computes the CDF of the COM Distribution.

gcom computes the quantile function of the COM Distribution.

rcom generates random numbers from the COM Distribution.

The Probability Mass Function (PMF) for the Conway-Maxwell-Poisson distribution is:
PR

T v) = anozom

Where A and v are distribution parameters with A > 0 and v > 0, and Z(\, v) is the normalizing
constant.

The normalizing constant is given by:

o0

Z00) =3 (2')

n=0

The mean and variance of the distribution are given by:
Elz] = —)\il (Z(A\,v))
TI=H=A%57108 )
Var(z) = A d
ar(x) = A\—
ot

When the mean value is given, the rate parameter (\) is computed using the mean and the decay
parameter (). This is useful to allow the calculation of the rate parameter when the mean is known
(e.g., in regression))

Value
dcom gives the density, pcom gives the distribution function, qcom gives the quantile function, and
rcom generates random deviates.

The length of the result is determined by n for rcom, and is the maximum of the lengths of the
numerical arguments for the other functions.

The numerical arguments other than n are recycled to the length of the result. Only the first elements
of the logical arguments are used.
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Examples

dcom(1, mu=0.75, nu=3)
pcom(c(0,1,2,3,5,7,9,10), lambda=0.75, nu=0.75)
qcom(c(0.1,0.3,0.5,0.9,0.95), mu=0.75, nu=0.75)
rcom(30, mu=0.75, nu=0.5)

cor2cov Generate a covariance matrix using a correlation matrix and vector
of standard deviations

Description

Generate a covariance matrix using a correlation matrix and vector of standard deviations

Usage

cor2cov(C, S)

Arguments

C A correlation matrix.

S A vector of standard deviations.
Value

A covariance matrix

Examples

C <- matrix(c(1,-0.3,0.7,-0.3,1,-0.2,0.7,-0.2,1), 3, 3)
S <- c(0.5, 2, 1.25)
cor2cov(C,S)

corr_haltons Generate Correlated Random Variables Using Halton or Scrambled
Halton Draws

Description

This function generates N correlated random variables using Halton or scrambled Halton draws.
The function supports normal and truncated normal distributions.
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Usage
corr_haltons(
means,
cholesky = NULL,
stdev = NULL,
correlations = NULL,
hdraws = NULL,
ndraws = 500,
scrambled = FALSE,
dist = "normal”,
lower = -Inf,
upper = Inf
)
Arguments
means A numeric vector of means for each variable.
cholesky A Cholesky decomposition matrix to introduce correlation.
stdev A numeric vector of standard deviations for each variable. If provided, the func-
tion will use these values instead of the Cholesky decomposition matrix (must
also provide a correlation matrix if providing standard deviations). Default is
NULL.
correlations A correlation matrix to introduce correlation. If provided, the function will use
these values instead of the Cholesky decomposition matrix (must also provide
standard deviations). Default is NULL.
hdraws A matrix of Halton or scrambled Halton draws. If provided, the function will
use these draws instead of generating new ones. Default is NULL.
ndraws An integer specifying the number of values to simulate for each variable. Default
is 500.
scrambled A logical value indicating whether to use scrambled Halton draws. Default is
FALSE.
dist A character string specifying the distribution type. Options are "normal" and
"truncated_normal". Default is "normal".
lower A numeric value specifying the lower bound for truncated normal distribution.
Default is -Inf.
upper A numeric value specifying the upper bound for truncated normal distribution.
Default is Inf.
Value

A matrix with N columns and ndraws rows containing the simulated values for the correlated random

variables.
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Examples

# Define mean, correlation, and standard deviations

means <- c(3, 2, 0.9)

sdevs <- ¢(0.25,1.5,0.8)

CORR <- matrix(c(1, -0.3, 0.5, -0.3, 1, -0.2, 0.5, -0.2, 1), 3, 3)

# Create the Cholesky decomposition matrix and set values for ndraws, etc.
ndraws <- 5000

scrambled <- TRUE

dist <- "normal”

# simulated the data

simulated_data <- corr_haltons(means, stdev=sdevs, correlations=CORR,
ndraws=ndraws, scrambled=scrambled,
dist=dist)

# look at the mean, standard deviation, and correlation of the simulated data
apply(simulated_data, 2, mean)

apply(simulated_data, 2, sd)

cor(simulated_data)

# providing a cholesky decomposition matrix

dist <- "normal”

cholesky <- chol(cor2cov(CORR, sdevs))

simulated_data <- corr_haltons(means, cholesky=cholesky, ndraws=ndraws,
scrambled=scrambled, dist=dist)

apply(simulated_data, 2, mean)

apply(simulated_data, 2, sd)

cor(simulated_data)

# Truncated normal

dist <- "truncated_normal”

lower <- @

upper <- 30

simulated_data <- corr_haltons(means, cholesky=cholesky, ndraws=ndraws,
scrambled=scrambled, dist=dist,
lower=lower, upper=upper)

apply(simulated_data, 2, mean)

apply(simulated_data, 2, sd)

cor(simulated_data)

countreg Count regression models

Description

The purpose of this function is to estimate count regression models using maximum likelihood esti-
mation (MLE) or Maximum Simulated Likelihood Estimation (MSLE). The function can estimate
the following models:



Poisson (Poisson)

Generalized Poisson Version 1 (GP1)
Generalized Poisson Version 2 (GP2)
Negative Binomial 1 (NB1)

Negative Binomial 2 (NB2)

Negative Binomial P (NBP)
Poisson-Lognormal (PLN)
Poisson-Generalized-Exponential (PGE)
Poisson-Inverse-Gaussian Type 1 (PIG1)
Poisson-Inverse-Gaussian Type 2 (PIG2)

¢ Poisson-Inverse-Gamma (PIG)

* Poisson-Lindley (PL)

countreg

* Poisson-Lindley-Gamma (PLG), also known as the Negative Binomial-Lindley (NBL)

* Poisson-Lindley-Lognormal (PLL)

¢ Poisson-Weibull (PW)
* Sichel (SI)
* Generalized Waring (GW)

¢ Conway-Maxwell-Poisson (COM)

Usage
countreg(
formula,
data,
family = "NB2",
offset = NULL,

weights = NULL,
verbose = FALSE,
dis_param_formula_1 NULL,
dis_param_formula_2 = NULL,
underreport_formula = NULL,

underreport_family = "logit",

ndraws = 1500,
method = "NM",
max.iters = 1000,
start.vals = NULL,

stderr = "normal”,
bootstraps = NULL,
engine = "halton”
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Arguments

formula a symbolic description of the model to be fitted.

data a data frame containing the variables in the model.

family the name of the distribution/model type to estimate. The default "NB2" is the
standard negative binomial distribution with a log link. other options are listed
below.

offset the name of a variable, or vector of variable names, in the data frame that should
be used as an offset (i.e., included but forced to have a coefficient of 1). The
normal method of setting an offset in the equation can also be used (overrides
the offset option).

weights the name of a variable in the data frame that should be used as a frequency
weight.

verbose an optional parameter. If TRUE, the function will print out the progress of the

model fitting. Default is FALSE.

dis_param_formula_1
a symbolic description of the model for the natural log of the dispersion parame-
ter or first parameter of the count distribution used. Further details are provided
below.

dis_param_formula_2
a symbolic description of the model for the second parameter of the count dis-
tribution used. Further details are provided below.

underreport_formula
an optional formula to estimate the underreporting for any of the count model
options. The underreporting is estimated as a function (logit or probit) of the
predictors in the model. For the model to be tractable, the independent variables
cannot be the exact same as the count model. The default is NULL.

underreport_family
the name of the distribution/model type to estimate the underreporting portion
of the model when underreport_formula is specified. The default is "logit"
for a binary logistic regression model. The other option is "probit" for a probit
model.

ndraws The number of Halton draws for integrating the distribution being compounded
with the Poisson distribution when there is not a closed-form solution. Default
is 1500. It is recommended to test different numbers of draws to determine if
the model is stable (i.e., doesn’t change or has minimal change as the number of
draws changes within a reasonable range).

method Optimization method to be used for maximum likelihood estimation. See maxLik
documentation for options. The default is "NM" for the Nelder-Mead method.

max.iters Maximum number of iterations for the optimization method.

start.vals Optional vector of starting values for the optimization.

stderr Type of standard errors to use. The default is "normal". Other options include

"boot" for bootstrapped standard errors, or "robust” for robust standard errors.

bootstraps Optional integer specifying the number of bootstrap samples to be used for esti-
mating standard errors when stderr= "boot". Note that this currently does not
work when an offset variable is used.
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engine the engine to use for the integration if the Poisson Lognormal (PLN) distribution
is used. Options include "halton" which uses Halton draws or "poilog" which
uses the poilog package. The default is "halton".

Details
For the family argument, the following options are available:

* "POISSON" for Poisson distribution with a log link.

* "GP1" for Generalized Poisson Version 1 Distribution with a log link
* "GP2" for Generalized Poisson Version 2 Distribution with a log link
* "NB1" for Negative Binomial 1 distribution with a log link.

* "NB2" for Negative Binomial 2 distribution with a log link (i.e., the standard negative binomial
model).

* "NBP" for Negative Binomial P distribution with a log link.

» "PLN" for Poisson-Lognormal distribution with a log link.

* "PGE" for Poisson-Generalized-Exponential distribution with a log link.

* "PIG1" for Poisson-Inverse-Gaussian Type-1 distribution with a log link.

» "PIG2" for Poisson-Inverse-Gaussian Type-2 distribution with a log link.

* "PIG" for Poisson-Inverse-Gamma distribution with a log link.

» "PL" for Poisson-Lindley distribution with a log link.

* "PLG" for Poisson-Lindley-Gamma distribution with a log link.

» "PLL" for Poisson-Lindley-Lognormal distribution with a log link.

* "PW" for Poisson-Weibull distribution with a log link.

» "SI" for Sichel distribution with a log link.

* "GW" for Generalized Waring distribution with a log link.

* "COM" for Conway-Maxwell-Poisson (COM) distribution with a log link.
The dis_param_formula_1 and dis_param_formula_2 parameters are used to estimate the dis-
persion parameter or other parameters of the count distribution used. This leads to the distributions
parameters being functions rather than constants in the model. For example, if the user wants to
estimate the overdispersion parameter of the Negative Binomial 2 distribution as a function of the
variable x1 and x2, the user would specify dis_param_formula_1 =~ x1 + x2. In the case of the

Negative Binomial distributions, the model is known as a Generalized Negative Binomial model
when the overdispersion parameter is specified as a function.

The function linking the distribution parameters to the predictors is:

Param = exp((Intercept) + Z BX)

The parameters for the different models are as follows:

For dis_param_formula_1, the models are for the parameters:

* In(¢ + 1) for the Generlized Poisson Version 1.
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n(a + 1) for the Generlized Poisson Version 2.
* In(«) for the Negative Binomial 1 model.
n(«) for the Negative Binomial 2 model.
n(«) for the Negative Binomial P model.
* In(o) for the Poisson-Lognormal model.
* shape parameter for the Poisson-Generalized-Exponential model.
. ln( ) for the Poisson-Inverse-Gaussian model.

n(n) for the Poisson-Inverse-Gamma model.

In(n)

In(#) for the Poisson-Lindley model.

In(#) for the Poisson-Lindley-Gamma model.
In(#) for the Poisson-Lindley-Lognormal model.
* In(«) for the Poisson-Weibull model.

 ~ for the Sichel model.

* k for the Generalized Waring model.

* In(v) for the Conway-Maxwell-Poisson model.
For dis_param_formula_2, the models are for the parameters:

* Not Applicable for the Generalized Poisson Version 1 model.

* Not Applicable for the Negative Binomial 1 model.

* Not Applicable for the Negative Binomial 2 model.

* p for the Negative Binomial P model.

* Not Applicable for the Poisson-Lognormal model.

* scale parameter for the Poisson-Generalized-Exponential model.

* Not Applicable for the Poisson-Inverse-Gaussian model.

* Not Applicable for the Poisson-Inverse-Gamma model.

* Not Applicable for the Poisson-Lindley model.

* In(a) for the Poisson-Lindley-Gamma model.

* In(o) for the Poisson-Lindley-Lognormal model.

* In(o) for the Poisson-Weibull model.

* In(o) for the Sichel model.

* In(p) for the Generalized Waring model.

* Not Applicable for the Conway-Maxwell-Poisson model.
The ndraws parameter is used to estimate the distribution when there is not a closed-form solution.
This uses Halton draws to integrate the distribution being compounded with the Poisson distribution.
The default is 1500. The models this is applicable for include:

* Poisson-Lognormal

* Poisson-Generalized-Exponential

* Poisson-Lindley-Gamma (more efficient than using hypergeometric functions)

* Poisson-Lindley-Lognormal

* Poisson-Weibull
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Value

An object of class countreg which is a list with the following components:

model: the fitted model object.
¢ data: the data frame used to fit the model.
e call: the matched call.

e formula: the formula used to fit the model.

Model Details

Poisson Model:

This implements the Poisson regression model using Maximum Likelihood Estimation (MLE), as
opposed to the Iteratively Reweighted Least Squares (IRLS) method used in the glm function.

The PMF and log-likelihood functions are:
e HuY
y!

LLpoisson(B) = Z (=i + i In(pi) — In(ys!)]

i=1
The mean is:
p = exp(XB)

The variance is:
Var(Y) =pu

Generalized Poisson Version 1 Model:
This implements the Generalized Poisson Version 1 model using MLE.
The PMF is:

plp + ¢y)v~texp (— ‘ﬁ‘iy)
(1+¢)vy!

Where ¢ is a scale parameter with the restriction that > 0, x> 0 is the mean value, and y is a
non-negative integer. The mean is modeled as:

fylo, u) =

i = exp(XB)
The variance of the GP-1 distribution is:
o? = (1+¢)°u

If ¢ > 0, the distribution is overdispersed. If ¢ = 0, the distribution is equidispersed. If ¢ < O,
the distribution is underdispersed.

Furthermore, ¢ > —1 is required for this distribution. When ¢ < 0, there is also a maximum

value of support for the integar value y. This is y,,ax = {—%J .
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Generalized Poisson Version 2 Model:
This implements the Generalized Poisson Version 2 model using MLE.
The PMF is:
- +auys
pu(p + apy)? " exp (_%>
(L4 ap)vy!
Where ¢ is a scale parameter with the restriction that 7 > 0, &+ > 0 is the mean value, and y is a
non-negative integer. The mean is modeled as:
p = exp(XB)

The variance of the GP-2 distribution is:

fylp,a) =

o = p(1 + ap)?

If o > 0, the distribution is overdispersed. If o = 0, the distribution is equidispersed and reduces
to the ordinary Poisson distribution. If o < 0 and 1 4+ apr > 0, the distribution is underdispersed
and has finite support.

Under the underdispersed case, the largest possible value of y is bounded above by [—1/«a] — 1,
i.e., the largest integer satisfying 1 + ay > 0.

Negative Binomial Models**:
The NB-1, NB-2, and NB-P versions of the negative binomial distribution are based on Greene
(2008). The details of each of these are provided below.

NB-1 Model:
The PMF and log-likelihood functions are:

b G.0) = 3 o 7)o () s 2 () ()

[e3%

The mean is:

The variance is:
Var(Y) = p+ ap

NB-2 Model:
The PMF and log-likelihood functions are:

P =y =) (Lo ) (L]

) o5
+ o+

n

LLng, = Z [lnf‘(yi +a)—InT(a) —Iny! + aln (a

i=1

The mean is:
= exp(Xp)
The variance is:
Var(Y) = p + oy



14

countreg

NB-P Model:
The PMF and log-likelihood functions are:

2P 2P “T )
Py =y = LW (5 z
( = y) T Y 2P e,
yir(—=) 55 +u e

- " " " L
LLNBP(B,a,p):Z lnf‘(yi—i- a )—mr (2&>—1ny,-!+ Za In #Ha

i=1
The mean is:

p = exp(XB)
The variance is:

Var(Y) = p + ap”

Poisson-Lognormal (PLN) Model:
The compound Probability Mass Function(PMF) for the Poisson-Lognormal distribution is:

ln2(3c))

OO \Ug¥e—Ax €TP | — 550
fylA, o) :/ ' ( dx
0 y: ToV 2T

Where o is a parameter for the lognormal distribution with the restriction o > 0, and y is a
non-negative integer.

The expected value of the distribution is:

Ely] = e XB+o?/2 _ pe”2/2

When 1n.sigma.formula is used, the parameter o is modeled as:
ln(a) = 50 + ﬁlxl + -+ 671xn

Thus, the resulting value for the parameter o is:

o = ePothrizit+Bnan
The t-statistics and p-values for the coefficients related to In(sigma) are, by default, testing if the
coefficients are different from a value of 0. This has little practical meaning given that they are
coefficients for In(sigma). They are not testing if the coefficients have statistical significance in
terms of improvement over a Poisson model. The Likelihood-Ratio test results provided in the
output provide a test comparing if the Poisson-Lognormal model provides a statistically signifi-
cant improvement in model fit over the Poisson model.

Poisson Generalized-Exponential (PGE) Model:

The Generalized Exponential distribution can be written as a function with a shape parameter
a > 0 and scale parameter v > 0. The distribution has strictly positive continuous values. The
PDF of the distribution is:

xT (X—l xT
o) =2 (1=e75)" s
Y
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Thus, the compound Probability Mass Function(PMF) for the PGE distribution is:

X NYgle AT AN T
ANa, 3 :/ ——(1—e"~ e rdx
fwvas) = [ =52 )

The expected value of the distribution is:

MM:M:A<Ma+U—¢O»

y

Where 1)(+) is the digamma function.

The variance is:

Where v’ (-) is the trigamma function.
To ensure that p = eXP \is replaced with:

vet?
Pla+1) —9(1)

This results in:

xB
XB Y _ ye
) xYe (w(w+1>—w<1>)“"

ye
[ (w(a+1)—w(1> a 2\l e
f(ylu,a,ﬁ)—/o m 7(1 e ) e dw

Halton draws are used to perform simulation over the lognormal distribution to solve the integral.

Poisson-Inverse-Gaussian Type 1 (PIG1) and Type 2 (PIG2) Models:

The Poisson-Inverse-Gaussian regression model is based on the Poisson-Inverse-Gaussian Distri-
bution.

The expected value of the distribution in the regression utilizes a log-link function. Thus, the

mean is:
XpB

H=e
The variance function for the Type 1 distribution (which is the default) is:
2 _
o7 =t
While the variance for the Type 2 distribution is:

o = p+nu’

The parameter 7 is estimated as the natural logarithm transformed value, In(7), to ensure that
n > 0.

Poisson-Inverse-Gamma (PIG) Model:
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The PDF of the distribution is:

z+%+2

PRI ICLE) I Y v

1 n

Where 7 is a shape parameter with the restriction that 7 > 0, u > 0 is the mean value, y is a non-
negative integer, and K;(z) is the modified Bessel function of the second kind. This formulation
uses the mean directly.
The variance of the distribution is:

o = p+np’

Poisson-Lindley (PL) Model:

The Poisson-Lindley regression is based on a compound Poisson-Lindley distribution. It handles
count outcomes with high levels of zero observations (or other high densities at low outcome
values) that standard count regression methods, including the negative binomial, may struggle to
adequately capture or model.

The compound Probability Mass Function(PMF) for the Poisson-Lindley (PL) distribution is:

PAvO+A+y+1)

TWON = 2 D+

Where 6 and ) are distribution parameters with the restrictions that @ > 0 and A > 0, and y is a
non-negative integer.

The expected value of the distribution is:

B A6+ 2)
H= 90 +1
If a log-link function is used, the mean is:
O+ 2
p= X — (0 +2)
060+ 1)

Thus, the parameter A in the PL distribution when applied to regression analysis is:

/\_u9(9—|—1)
R

Using the replacement and simplifying results in:

02(ub(0+1)Y(0*(1+p) +02+p) + @ +2)(y+1))
(0+1)(0 +2)v1(02(1 + p) +0(2 + p))v+2

f(y‘ovﬂ):

And

LL = 2log(0)+y(log(p)+log(0)+log(0+1))+log(02 (14-p) +0(2+p)+(042) (y+1)) —log(64+1) — (y+1) log(642) — (-

The variance function is defined as:

2
2 _ 2
7 _“+(1 (9+2)2>“
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It should be noted that the p-value for the parameter 1n(theta) in the model summary is testing
if the parameter theta is equal to a value of 1. This has no practical meaning. The Likelihood-
Ratio (LR) test compares the Poisson-Lindley regression with a Poisson regression with the same
independent variables. Thus, the PR test result indicates the statistical significance for the im-
provement in how well the model fits the data over a Poisson regression. This indicates the
statistical significance of the theta parameter.

Poisson-Lindley-Gamma (PLG) Model:

The Poisson-Lindley-Gamma regression is based on a compound Poisson-Lindley- Gamma dis-
tribution. Details of the distribution can be seen at dplindGamma.
The mean for the regression model is:

p=eXP

The variance function is defined as:

2(1
02:u+<2a+1—(+a)>/¢2

0+ 2)?

It should be noted that the p-value for the parameters 1n(theta) and 1n(alpha) in the model
summary are testing if the parameter theta and alpha are equal to a value of 1.

Poisson-Lindley-Lognormal (PLL) Model:

The Poisson-Lindley-Lognormal regression is based on a compound Poisson- Lindley-Lognormal
distribution. Details of the distribution can be seen at dplindLnorm.
The mean for the regression model is:

p=exP

The variance function is defined as:

1— —2
o =p+ <(92+2)2 +e” - 1) p?

o

ez

It should be noted that the p-value for the parameters 1n(theta) and 1n(sigma) in the model
summary are testing if the parameter theta and sigma are equal to a value of 1.

Poisson-Weibull (PW) Model:

The Poisson-Weibull distribution uses the Weibull distribution as a mixing distribution for a Pois-
son process. It is useful for modeling overdispersed count data. The density function (probability
mass function) for the Poisson-Weibull distribution is given by:

P(yl\ a,0) = /Ooo G_M;?yf”y (%) (g)"‘lef(%)‘*dl«

where f(z|a, o) is the PDF of the Weibull distribution and ) is the mean of the Poisson distribu-
tion.

For the Poisson-Weibull Regression model, the expected values is:

E[Y] = Aol <1 + ;)
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Where A is the mean of the Poisson distribution, « is the shape parameter, and ¢ is the scale
parameter.

To ensure that the regression model predicts the mean value, the regression utilizes:

1
u=-expXy= Aol (1+ )
@

Where X is a matrix of independent variables and ~ is a vector of coefficients.

This leads to:
I

T ol (1+2)
The variance for the Poisson-Weibull regression is:
r(1+2
v =pr (DEa) )
r(1+1)

Sichel (SI) Model:

The compound Probability Mass Function (PMF) for the Sichel distribution uses the formulation
from Zhou et al. (2011) and Rigby et al. (2008):

(4)" K.

c u+v

fylp,o.y) = K (1/o)y (w)yﬂ

Where o and ~y are distribution parameters with —oco < v < cocand ¢ > 0, ¢ = Klgzil(}é;'),
a? = 07?2 + 2pu(co) !, a mean value of 4, y is a non-negative integer, and K (x) is a modified

Bessel function of the third kind with order j and argument x.
The variance of the distribution is:

Generalized Waring (GW) Model:

The following are the versions of the PMF, mean, and variance used for the Generalized Waring
model. This is adjusted from the typical formulation by replacing parameter k with p

Do+ y)T(k+y)T(p+ k)T (a+ p)

P = N @ TWT()a + ki +p+ )

u:eXﬁ: ak
p—1

2 ak(la+k+p—1)
(p—1)%(p—2)

The distribution parameters are often considered to capture the randomness (parameter

(07

), proneness (parameter
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k), and liability (parameter

P
) of the data.
If we use:
wk
a=——7om
p—1
The PMF becomes:

P (L5 +y) T+ 9T+ BT (25 +p)

= gl (L) T ()T (25 + ki + p+y)

This results in a regression model where:

p=eXP
k
) qu(ﬁ+k+p*1) (k3+pk2k2) ( i3 > )
o? = = bt 5 | &
(p—1)3(p—2) (p—1)3(p—2) (p—D*p—2)
Note that when
p=1
or
p=2

, the distribution is undefined.

Conway-Maxwell-Poisson (COM) Model:
The following is the the PMF for the COM model.

)\ZIZ

T = Gy i)

Where \ and v are distribution parameters with A > 0 and v > 0, and Z(\, v) is the normalizing
constant.

The normalizing constant is given by:

The mean and variance are:

4]
X8
p=e’ = /\5>\ log(Z(\,v))
0
2 _
o= )\6/\/1

Note that the COM distribution parameter A is solved for using p and v, so the regression model
provides direct predictions for the mean.
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Underreporting:
Models for underreporting combine a binary probability model (logit or probit) with a count
model. This is accomplished using a model for the probability of crashes being reported multiplied
by the estimated mean for the count model, based on the observed data. This is discussed in Wood
et. al. (2016), Pararai et. al., (2006), and Pararai et. al., (2010). The underreporting model is
based on:

Htrue = Hobserved P(CVth is reported)

This allows the inference of both the true event count and the probability of the event being
reported as a function of independent variables.

References

Greene, W. (2008). Functional forms for the negative binomial model for count data. Economics
Letters, 99(3), 585-590.

Pararai, M., Famoye, F., & Lee, C. (2006). Generalized Poisson regression model for underreported
counts. Advances and applications in Statistics, 6(3), 305-322.

Pararai, M., Famoye, F., & Lee, C. (2010). Generalized Poisson-Poisson mixture model for misre-
ported counts with an application to smoking data. Journal of Data Science, 8(4), 607-617.

Rigby, R. A., Stasinopoulos, D. M., & Akantziliotou, C. (2008). A framework for modelling
overdispersed count data, including the Poisson-shifted generalized inverse Gaussian distribution.
Computational Statistics & Data Analysis, 53(2), 381-393.

Wood, J.S., Eric T. Donnell, & Christopher J. Fariss. "A method to account for and estimate under-
reporting in crash frequency research." Accident Analysis & Prevention 95 (2016): 57-66.

Zou, Y., Lord, D., & Zhang, Y. (2012). Analyzing highly dispersed crash data using the Sichel
generalized additive models for location, scale and shape.

Examples

# Load the Washington data

data("washington_roads")

washington_roads$AADT10kplus <- ifelse(washington_roads$AADT > 10000, 1, @)

# Estimate an NB2 model with a dispersion parameter as a function of the

# variable “speed50~ (i.e., generalized NB2), verbose output, and use the

# BFGS optimization method

nb2 <- countreg(Total_crashes ~ lnaadt + lnlength + speed50 + AADT1@kplus,
data = washington_roads, family = "NB2",
dis_param_formula_1 = ~ speed5@, verbose = TRUE,
method="'BFGS")

summary (nb2)

# Estimate a Poisson-Lognormal model (a low number of draws is used to speed

# up the estimation for examples - not recommended in practice)

pln <- countreg(Total_crashes ~ lnaadt + lnlength + speed50 + AADT10kplus,
data = washington_roads, family = "PLN", engine="poilog")

summary (pln)

# Estimate an Poisson-Lognormal with underreporting (probit)
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plogn_underreport <- countreg(Total_crashes ~ lnaadt + lnlength + speed50 +

AADT10kplus,
data = washington_roads, family = "NB2",
underreport_formula = ~ speed50 + AADT10kplus,

underreport_family = "probit")
summary (plogn_underreport)

# Estimate a Conway-Maxwell-Poisson model
com_model <- countreg(Total_crashes ~ lnaadt + lnlength + speed50 +
AADT10kplus,
data = washington_roads, family = "COM"”, method="BHHH")
summary (com_model)

# Estimate a CGenerlized-Poisson Version 1 model
gpl_model <- countreg(Total_crashes ~ lnaadt + lnlength + speed50 +
AADT10kplus,
data = washington_roads, family = "GP1", method="BHHH")
summary(gp1_model)

#' # Estimate a CGenerlized-Poisson Version 2 model
gp2_model <- countreg(Total_crashes ~ lnaadt + lnlength + speed50 +
AADT10kplus,
data = washington_roads, family = "GP2", method="BHHH")
summary (gp2_model)
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countreg.rp Random Parameters Count Regression Models

Description

Random Parameters Count Regression Models

Usage

countreg.rp(
formula,
rpar_formula,
data,
family = "NB2",
rpardists = NULL,
dis_param_formula_1 = NULL,
dis_param_formula_2 = NULL,
het_mean_formula = NULL,
het_var_formula = NULL,
ndraws = 500,
scrambled = FALSE,
correlated = FALSE,
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panel_id = NULL,
weights = NULL,
offset = NULL,
method = "BHHH",
max.iters = 1000,
start.vals = NULL,
verbose = FALSE,

engine = "halton”
)
Arguments
formula an R formula. This formula should specify the outcome and the independent

variables that have fixed parameters.

rpar_formula a symbolic description of the model related specifically to the random parame-
ters. This should not include an outcome variable. If the intercept is random,
include it in this formula. If the intercept is fixed, include it in formula but not
in rpar_formula.

data a dataframe that has all of the variables in the formula and rpar_formula.

family the name of the distribution/model type to estimate. Default is "NB2". Options
include "Poisson", "NB1", "NB2", "NBP", "PIG", "Sichel", etc. (See countreg
for full list).

rpardists an optional named vector whose names are the random parameters and values

the distribution. The distribution options include normal ("n"), lognormal ("In"),
triangular ("t"), uniform ("u"), and gamma ("g"). If not provided, normal is used.
dis_param_formula_1
a symbolic description of the model for the first parameter of the count distribu-
tion (e.g., In(alpha) for NB2).
dis_param_formula_2
a symbolic description of the model for the second parameter of the count dis-
tribution (if applicable).
het_mean_formula
an optional symbolic description of the model for heterogeneity in the means of
the random parameters.
het_var_formula
an optional symbolic description of the model for heterogeneity in the variances
of the random parameters.

ndraws the number of Halton draws to use for estimating the random parameters.
scrambled if the Halton draws should be scrambled.
correlated if the random parameters should be correlated. If TRUE, only normal distribu-

tions are used.

panel_id an optional variable name (string) or vector defining the panel structure (re-
peated measures). If provided, the standard errors and likelihood are estimated
accounting for the panel structure.

weights variable name to be used as frequency weights.
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offset variable name to be used as an offset.

method optimization method (e.g., "BHHH", "BFGS", "NM").

max.iters maximum number of iterations.

start.vals optional vector of starting values.

verbose logical.

engine the engine to use for the integration if the Poisson Lognormal (PLN) distribution

is used. Options include "halton" which uses Halton draws or "poilog" which
uses the poilog package. The default is "halton".

Value

An object of class countreg which is a list with the following components:

* model: the fitted model object.
¢ data: the data frame used to fit the model.
e call: the matched call.

e formula: the formula used to fit the model.

Examples

# Load data
data("washington_roads")
washington_roads$AADT10kplus <- ifelse(washington_roads$AADT > 10000, 1, 0)

# 1. Basic Random Parameters Negative Binomial (NB2)
rp_nb2 <- countreg.rp(Total_crashes ~ lnaadt + lnlength,

rpar_formula = ~ -1 + speed50,
data = washington_roads,
family = "NB2",

rpardists = c(speed50 = "n"),
ndraws = 100,
method = "BHHH")

summary (rp_nb2)

# 2. Random Parameters with Panel Structure (if 'site_id' exists)

# rp_panel <- countreg.rp(Total_crashes ~ -1 + lnaadt,
# rpar_formula = ~ speed50,

# data = washington_roads,

# panel_id = "site_id",

# family = "NB2",

# ndraws = 100)

# 3. Generalized Random Parameters Model with Heterogeneity
rp_gen <- countreg.rp(Total_crashes ~ lnaadt,

rpar_formula = ~ -1 + speed50,
dis_param_formula_1 = ~ lnlength,
het_mean_formula = ~ AADT1@kplus,

data = washington_roads,
family = "NB2",
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rpardists = c(speed50 = "n"),
ndraws = 100)
summary (rp_gen)

# 4. Random Parameters Poisson Model with panel specification
rp_poisson <- countreg.rp(Total_crashes ~ lnaadt,
rpar_formula = ~ -1 + speed50,
dis_param_formula_1 = ~ Inlength,
het_mean_formula = ~ AADT10kplus,
data = washington_roads,
family = "POISSON",
rpardists = c(speed50 = "n"),
ndraws = 100,
panel_id = "ID")
summary (rp_poisson)

cureplot Cumulative Residuals (CURE) Plot for Count Models

Description

This function generates a Cumulative Residuals (CURE) plot for count models, including those
with random parameters, estimated using the flexCountReg package.

Usage

cureplot(
model,
data = NULL,
indvar = NULL,
method = "Simulated”,
n_resamples = 0,

)
Arguments

model A model object estimated using this R package.

data Optional dataframe. If not provided, the data used to fit the model will be used.

indvar Optional independent variable name (character string). This is the continuous
independent variable to plot the cumulative residuals against. If not provided,
the plot will be against the predicted values.

method Optional parameter to pass to the predict function. This is only used for random

parameters models (e.g., "Simulated" or "Individual"). For further details, see
predict.flexCountReg.
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n_resamples Number of resamples for potential resampling in the CURE plot confidence
bands. Default is 0 (no bands).

Additional arguments passed to cure_plot.

Value

A CURE plot generated with cureplots.

Examples

## Example using a Negative Binomial model
data("washington_roads")
washington_roads$AADTover10k <- ifelse(washington_roads$AADT>10000,1,0)

nb_model <- countreg(Total_crashes ~ lnaadt + lnlength + speed50 +
ShouldWidthe4 + AADToveriok,
data = washington_roads, family = 'nb2',
method = 'NM', max.iters = 500)

# 1. Plot against fitted values (default) with confidence bands
cureplot(nb_model, n_resamples = 20)

# 2. Plot against a specific covariate (e.g., lnlength)

cureplot(nb_model, indvar = "lnlength”, n_resamples = 20)
dlindley One-Parameter Lindley Distribution
Description

Distribution function for the one-parameter Lindley distribution with parameter theta.

Usage

dlindley(x, theta = 1, log = FALSE)
plindley(q, theta = 1, lower.tail = TRUE, log.p = FALSE)

glindley(p, theta = 1, lower.tail = TRUE, log.p = FALSE)

rlindley(n, theta = 1)
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Arguments
X a single value or vector of positive values.
theta distribution parameter value. Default is 1.
log, log.p logical; If TRUE, probabilities p are given as log(p). If FALSE, probabilities p
are given directly. Default is FALSE.
q a single value or vector of quantiles.
lower.tail logical; If TRUE, (default), P(X < z) are returned, otherwise P(X > z) is
returned. Default is TRUE.
p a single value or vector of probabilities.
n number of random values to generate.
Details

Probability density function (PDF)

2
¢ —0x

f(z|0)= (1+0)(1+I)€

Cumulative distribution function (CDF)

F<x9>:1—(1+ "w)e—ew

Quantile function (Inverse CDF)

1 1

Qlp|o) =-1- i 51/[/,1 ((1 +0)(p— 1)67(1+0)>

where W_1 () is the negative branch of the Lambert W function.
The moment generating function (MGF) is:

02(0 —t+1)

M=t e —ep

The distribution mean and variance are:

0+ 2
0(1+0)

2 _ M Qi 2
0e+2(9 4) a

Value
dlindley gives the density, plindley gives the distribution function, glindley gives the quantile func-
tion, and rlindley generates random deviates.

The length of the result is determined by n for rlindley, and is the maximum of the lengths of the
numerical arguments for the other functions.
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x <- seq(@, 5, by = 0.1)
p <- seq(@.1, 0.9, by = 0.1)

q <- c(0.2,
dlindley(x,
dlindley(x,
plindley(q,
plindley(q,
glindley(p,
glindley(p,

3, 0.2
theta
theta=
theta
theta
theta
theta

set.seed(123154)

rlindley(5,
rlindley(5,

theta
theta

)

0.

1.5)

5, log=TRUE)

1.5)

0.5, lower.tail = FALSE)
1.5)

0.5)

1.5)
0.5)

flexCountReg-class

flexCountReg Class

Description

A class to represent various objects created by the flexCountReg package.

Slots

model The fitted model object (can be any type).

data The data used for fitting the model (data frame).

formula The R formula used in the regression model (main formula, not including random param-
eters, etc.)

call The matched call (language).

additional Any additional information (list).

Generalized-Waring

Generalized Waring Distribution

Description

These functions provide the probability mass function, distribution function, quantile function, and
random number generation for the Generalized Waring distribution.
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Generalized-Waring

Usage

dgwar(y, mu, k, rho, log = FALSE)
pgwar(q, mu, k, rho, lower.tail = TRUE, log.p = FALSE)
ggwar(p, mu, k, rho)

rgwar(n, mu, k, rho)

Arguments
y non-negative integer vector of count outcomes.
mu positive numeric vector of distribution means.
k positive numeric vector of shape parameters.
rho numeric vector of shape parameters greater than 1. A finite variance requires
p> 2.
log logical; if TRUE, log probabilities are returned.
q non-negative integer vector of quantiles.
lower. tail logical; if TRUE, probabilities are P[X < ¢]; otherwise, P[X > q].
log.p logical; if TRUE, probabilities are returned as log probabilities.
p numeric vector of probabilities.
n integer number of random numbers to generate.
Details

The Generalized Waring distribution is a three-parameter count distribution used to model overdis-
persed count data.

dgwar computes the probability mass function (PMF) of the Generalized Waring distribution.
pgwar computes the CDF of the Generalized Waring distribution.

ggwar computes the quantile function of the Generalized Waring distribution.

rgwar generates random numbers from the Generalized Waring distribution.

The probability mass function for the Generalized Waring distribution is:

I(az + p)L(k + p)(az)y(k)y
YT(p)T(az + k + p)(az + k + p)y

fy | az, k,p) =

where (a), = F%"E:)r ), and a, > 0, kK > 0, and p > 0. Under the mean parameterization used by

these functions, p > 1 is required.

When p > 1, the mean is:
azk

BlY]=

Therefore, the distribution can be parameterized in terms of its mean using:

_wp—1)
xr k .
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For a regression model:
= exp(XB).

When p > 2, the variance under this mean parameterization is:

_wk+p)(k+p—1)
Var(Y) = ko —9) .

Value

dgwar gives the probability mass function, pgwar gives the distribution function, qgwar gives the
quantile function, and rgwar generates random deviates.

The length of the result is determined by n for rgwar and is the maximum of the lengths of the
numerical arguments for the other functions.

Examples

dgwar(@, mu =1, k = 2, rho = 3)

pgwar(c(@, 1, 2, 3), mu =1, k =2, rho = 3)
ggwar(0.8, mu =1, k = 2, rho = 3)

rgwar(10, mu = 1, k = 2, rho = 3)

GeneralizedPoisson Generalized Poisson Version 1 Distribution

Description
These functions provide the density function, distribution function, quantile function, and random
number generation for the Generalized Poisson Version 1 (GP-1) Distribution

Usage
dgp1(x, mu = 1, phi = 1, log = FALSE)

pgpl(q, mu = 1, phi = 1, lower.tail = TRUE, log.p = FALSE)
agpl(p, mu = 1, phi = 1, lower.tail = TRUE, log.p = FALSE)
rgpl(n, mu = 1, phi = 1)
Arguments
X numeric value or a vector of values.
mu numeric value or vector of mean values for the distribution (the values have to
be greater than 0).
phi single value or vector of values for the scale parameter of the distribution (the

values have to be greater than -1).
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log logical; if TRUE, probabilities p are given as log(p).
q quantile or a vector of quantiles.
lower.tail logical; if TRUE, probabilities p are P[X < z] otherwise, P[X > z].
log.p logical; if TRUE, probabilities p are given as log(p).
p probability or a vector of probabilities.
n the number of random numbers to generate.
Details

dgp1 computes the density (PDF) of the Generalized Poisson Distribution.
pgp1 computes the CDF of the Generalized Poisson Distribution.

ggp1 computes the quantile function of the Generalized Poisson Distribution.
rgpl1 generates random numbers from the Generalized Poisson Distribution.

The compound Probability Mass Function (PMF) for the Generalized Poisson distribution, version
1, (GP-1)is:

plp+ ¢y)v~texp (— ‘ﬁﬂy)
(1+¢)vy!

fylo, u) =

Where ¢ is a scale parameter with the restriction that 1+ > 0 is the mean value, and y is a non-
negative integer. This formulation uses the mean directly.

The variance of the GP-1 distribution is:
o? = (1+¢)°u

If ¢ > 0, the distribution is overdispersed. If ¢ = 0, the distribution is equidispersed. If ¢ < 0, the
distribution is underdispersed.

Furthermore, ¢ > —1 is required for this distribution. When ¢ < 0, there is also a maximum value

of support for the integar value y. This is y,,ax = [—%J .

Value

dgpl gives the density, pgpl gives the distribution function, qgp1 gives the quantile function, and
rgpl generates random deviates.

The length of the result is determined by n for rgpl, and is the maximum of the lengths of the
numerical arguments for the other functions.

References

Consul, PoC, and Felix Famoye. "Generalized Poisson regression model." Communications in
Statistics-Theory and Methods 21.1 (1992): 89-109.

Zamani, Hossein, and Noriszura Ismail. "Functional form for the generalized Poisson regression
model." Communications in Statistics-Theory and Methods 41.20 (2012): 3666-3675.
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dgp1(1, mu=0.75, phi=-0.1)
pgpl1(c(0,1,2,3,5,7,9,10), mu=0.75, phi=3)
qgp1(c(0.1,0.3,0.5,0.9,0.95), mu=0.75, phi=0.5)
rgp1(30, mu=0.75, phi=1.5)

GeneralizedPoisson2 Generalized Poisson Version 2 Distribution

Description

These functions provide the density function, distribution function, quantile function, and random
number generation for the Generalized Poisson Version 2 (GP-2) Distribution.

Usage

dgp2(x, mu
pgp2(q, mu

qgp2(p, mu

rgp2(n, mu

Arguments

X

mu

alpha

log

q
lower.tail
log.p

p

n

alpha = 0, log = FALSE)

alpha = 0@, lower.tail = TRUE, log.p = FALSE)

alpha = @, lower.tail = TRUE, log.p = FALSE)

alpha = 0)

numeric value or a vector of values.

numeric value or vector of mean values for the distribution (the values have to
be greater than 0).

numeric value or vector of values for the dispersion parameter of the distribution.
Values may be negative, zero, or positive, provided that 1 + ap > 0.

logical; if TRUE, probabilities are given as log(p).

quantile or a vector of quantiles.

logical; if TRUE, probabilities p are P[X < z] otherwise, P[X > z].
logical; if TRUE, probabilities p are given as log(p).

probability or a vector of probabilities.

the number of random numbers to generate.
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Details

dgp2 computes the density (PMF) of the Generalized Poisson Version 2 Distribution.
pgp2 computes the CDF of the Generalized Poisson Version 2 Distribution.

ggp2 computes the quantile function of the Generalized Poisson Version 2 Distribution.
rgp2 generates random numbers from the Generalized Poisson Version 2 Distribution.

The probability mass function (PMF) for the Generalized Poisson Version 2 distribution (GP-2) is:

(g + cpy)? =" exp (*%ﬂ‘jﬁy)
(L4 ap)vy!

f(y|:ua Oé) =

where © > 0 is the mean and y is a non-negative integer. This formulation uses the mean directly.

The variance of the GP-2 distribution is:
o® = p(l+ap)?

If o > 0, the distribution is overdispersed. If a = 0, the distribution is equidispersed and reduces
to the ordinary Poisson distribution. If o < 0 and 1 + ap > 0, the distribution is underdispersed
and has finite support.

Under the underdispersed case, the largest possible value of y is bounded above by [—1/a] — 1,
i.e., the largest integer satisfying 1 4+ ayy > 0.

Value

dgp2 gives the density, pgp2 gives the distribution function, qgp2 gives the quantile function, and
rgp2 generates random deviates.

The length of the result is determined by n for rgp2, and is the maximum of the lengths of the
numerical arguments for the other functions.

References

Consul, PoC, and Felix Famoye. "Generalized Poisson regression model." Communications in
Statistics-Theory and Methods 21.1 (1992): 89-109.

Wang, Weizhen, and Felix Famoye. "Modeling household fertility decisions with generalized Pois-
son regression." Journal of Population Economics 10.3 (1997): 273-283.

Yang, Zhao, James W. Hardin, and Cheryl L. Addy. "A score test for overdispersion in Poisson
regression based on the generalized Poisson-2 model." Journal of Statistical Planning and Inference
139.4 (2009): 1514-1521.

Harris, Tammy, Zhao Yang, and James W. Hardin. "Modeling underdispersed count data with
generalized Poisson regression.”" Stata Journal 12.4 (2012): 736-747.

Examples

dgp2(1, mu = @.75, alpha = 0.3)
pgp2(c(0, 1, 2, 3, 5, 7, 9, 10), mu = @.75, alpha = 0.25)
qgp2(c(0.1, 0.3, 0.5, 0.9, 0.95), mu = @0.75, alpha = -0.2)
rgp2(30, mu = 0.75, alpha = 0.2)
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halton_dists Generate pseudo-random draws from specified distributions using
Halton draws

Description

Generate pseudo-random draws from specified distributions using Halton draws

Usage

halton_dists(dist, mean, sdev, hdraw = NULL, ndraws = 500)

Arguments
dist The distribution type to use. The distribution options include normal ("n"), log-
normal ("In"), triangular ("t"), uniform ("u"), and gamma ("g").
mean The mean value for the random draws.
sdev The standard deviation value for the random draws.
hdraw An optional vector of Halton draws to convert to the specified distribution. If
not provided, the function will generate Halton draws.
ndraws The number of random draws to generate. This is only used if hdraw is not
provided.
Details

This function is used to convert Halton draws to the specified distribution. The function can be used
to generate random draws for use in random parameter models, generating Halton-based pseudo-
random draws for specified distributions, etc.

The distributions generated all use the mean (

) and sdev (
o

) parameters to generate the random draws. The density functions for the distributions are as fol-

202

lows: The Normal distribution is: f(x) = \/2;? exp (7 ($*M)2)

The Lognormal distribution is: f(z) = —1 —M)

oV2m exp ( 202

The Triangular distribution is (note that this is a symmetrical triangular distribution where

I

is the median and
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@7;”’), forpy—o<z<pu

is the half-width): f(z) = { W92 forpy <o <p+o
0, otherwise

The Uniform distribution is (note that 1 is the midpoint and o is the half-width): f(z) = WM =

1
285
The Gamma distribution is based on
«
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B
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s Q@
E
2
u
(L o2 n
2 E—-1 _—Hz
Tr) = ~< Tro2 e o2
f(z) T %)
Value

A vector of psudo-random draws from the specified distribution, based on Halton draws.

Examples

# Generate 500 random draws from a normal distribution
halton_dists(dist="n", mean=3, sdev=2, ndraws=500)

# Generate 500 random draws from a lognormal distribution
halton_dists(dist="1n", mean=2, sdev=1.5, ndraws=500)

# Generate 500 random draws from a triangular distribution
halton_dists(dist="t", mean=1, sdev=0.5, ndraws=500)

# Generate 500 random draws from a uniform distribution
halton_dists(dist="u", mean=8, sdev=3, ndraws=500)

# Generate 500 random draws from a gamma distribution
halton_dists(dist="g", mean=0.5, sdev=1.5, ndraws=500)

invgamma Inverse Gamma Distribution

Description

These functions provide the density function, distribution function, quantile function, and random
number generation for the Inverse-Gamma (IG) Distribution
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Usage

dinvgamma(x, shape = 2.5, scale = 1, log = FALSE)

pinvgamma(q, shape = 2.5, scale = 1, lower.tail = TRUE, log.p = FALSE)
ginvgamma(p, shape = 2.5, scale = 1, lower.tail = TRUE, log.p = FALSE)
rinvgamma(n, shape = 2.5, scale = 1)
Arguments
X numeric value or a vector of values.
shape numeric value or vector of shape values for the distribution (the values have to
be greater than 0).
scale single value or vector of values for the scale parameter of the distribution (the
values have to be greater than 0).
log logical; if TRUE, probabilities p are given as log(p).
q quantile or a vector of quantiles.
lower. tail logical; if TRUE, probabilities p are P[X < z] otherwise, P[X > z].
log.p logical; if TRUE, probabilities p are given as log(p).
p probability or a vector of probabilities.
n the number of random numbers to generate.
Details

dinvgamma computes the density (PDF) of the Inverse-Gamma Distribution.
pinvgamma computes the CDF of the Inverse-Gamma Distribution.

ginvgamma computes the quantile function of the Inverse-Gamma Distribution.
rinvgamma generates random numbers from the Inverse-Gamma Distribution.

The compound Probability Mass Function (PMF) for the Inverse-Gamma distribution:

folanf) = oo (jc)+ e

8|

Where « is the shape parameter and 3 is a scale parameter with the restrictions that @ > 0 and
n > 0,and x > 0.

The CDF of the Inverse-Gamma distribution is:

Flala, §) = “;S) ) <a, f)

Where the numerator is the incomplete gamma function and Q)(-) is the regularized gamma function.
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The mean of the distribution is (provided o > 1):

= B
a—1
The variance of the distribution is (for a > 2):
2 _ B2
2= =
(@ —1)*(a—2)

Value

dinvgamma gives the density, pinvgamma gives the distribution function, gqinvgamma gives the
quantile function, and rinvgamma generates random deviates.

The length of the result is determined by n for rinvgamma, and is the maximum of the lengths of
the numerical arguments for the other functions.

Examples

dinvgamma(1, shape = 3, scale = 2)
pinvgamma(c(@.1, 0.5, 1, 3, 5, 10, 30), shape = 3, scale = 2)
ginvgamma(c(@.1, 0.3, 0.5, 0.9, 0.95), shape = 3, scale = 2)
rinvgamma(30, shape = 3, scale = 2)

mae Calculate Mean Absolute Error (MAE)

Description

This function calculates the Mean Absolute Error (MAE) between observed and predicted values.

Usage

mae(y, mu)

Arguments

y Numeric vector representing the observed values.

mu Numeric vector representing the predicted values.

Details

The MAE is calculated using the formula:
1 n
MAE = EZL% — il
i=1

Where y is the vector of observed values and p is the vector of predicted values.
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Value

Numeric value representing the MAE.

Examples

y <= c(1, 2, 3)
mu <- c(1.1, 1.9, 3.2)

mae(y, mu)
margEffTable Marginal Effects, Elasticities, and Pseudo-Elasticities for flexCoun-
tReg Models
Description

Compute average marginal effects (AME?S), elasticities, or pseudo-elasticities for fitted flexCountReg
objects. Standard errors are computed using either the delta method or a bootstrap, and the results
can be returned as a tibble, a gt table, or a LaTeX table.

Usage

margEffTable(
object,
data = NULL,
vars = NULL,
measure = c("auto”, "ame"”, "elasticity"),
indicator = c("pseudo_elasticity”, "discrete_change"),
se = c("delta”, "bootstrap"),
bootstraps = 200,
pred_method = NULL,
confint_level = 0.95,
tableType = c("tibble", "gt", "latex"),
digits = 3,
cluster_var = NULL,

)
Arguments
object A fitted flexCountReg object.
data Optional data frame. Defaults to the data used to fit the model.
vars Optional character vector of variable names to evaluate. If NULL, the function
uses the non-response variables appearing in the model formula that are present
in data.

measure Character scalar. One of:
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"auto'" Continuous variables receive AMEs; indicator variables receive pseudo-
elasticities (or discrete changes if indicator = "discrete_change").
"ame' Compute average marginal effects for continuous variables.

"elasticity' Compute elasticities for continuous variables. Indicator variables
receive pseudo-elasticities (or discrete changes if indicator = "discrete_change").

indicator Character scalar. For indicator variables, return "pseudo_elasticity” (de-
fault) or "discrete_change".

se Character scalar. Standard error method: "delta” (default) or "bootstrap”.

bootstraps Integer. Number of bootstrap replications when se = "bootstrap”.

pred_method Optional prediction method forwarded to predict. flexCountReg(). For random-
parameters models, this is commonly "Exact” or "Simulated”. If NULL, the
function uses "Exact” for random-parameters models when possible.

confint_level Numeric scalar between 0 and 1. Confidence level for the confidence interval.

Default is 0.95.
tableType Character scalar. One of "tibble”, "gt", or "latex".
digits Integer. Number of digits to round in the returned table.
cluster_var Optional character vector giving a clustering variable for bootstrap resampling.

If supplied, bootstrap samples are drawn at the cluster level. If omitted, the
function attempts row-level bootstrap resampling.

Additional arguments passed to predict. flexCountReg().

Details
Continuous variables are handled by numerical differentiation on the expected-response scale. In-
dicator variables are handled by discrete changes (or pseudo-elasticities, depending on indicator).

The function works on the expected-response scale and is intended to be compatible with all fitted
flexCountReg model types, provided that predict.flexCountReg() can generate predictions for
the model.

For continuous regressors, the average marginal effect is computed using a central finite difference:

1= pil@ig + h) — pi(zij — h)
AME,; = — J J
T ; 2h
where ; is the predicted mean response.

For elasticities, the effect is computed as:

For indicator variables, the function computes a discrete change between the observed baseline and
a switched value. If indicator = "pseudo_elasticity”, the result is reported as a percent change
relative to the baseline.

Value

A table object of the type requested by tableType. For "tibble", the returned object also carries
an effect_info attribute with metadata about the calculation.
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Examples

data("washington_roads")
washington_roads$AADT10kplus <- ifelse(washington_roads$AADT > 10000, 1, 0)

nb2 <- countreg(
Total_crashes ~ lnaadt + lnlength + speed50 + AADT1@kplus,
data = washington_roads,
family = "NB2"

)

margEffTable(nb2, tableType = "tibble")
margEffTable(nb2, tableType = "gt")

moment_lognormal Raw Moment of a Lognormal Distribution

Description
Computes a raw moment of a lognormal distribution using its closed-form expression. The lognor-
mal distribution is specified by its log-mean () and log-standard deviation (o).

Usage

moment_lognormal(mu, sigma, n)

Arguments
mu Numeric vector of means of the log-transformed variable, corresponding to .
sigma Non-negative numeric vector of standard deviations of the log-transformed vari-
able, corresponding to o.
n Numeric vector specifying the order of the raw moment.
Details

Let X ~ N(u,0?)andY = exp(X). ThenY follows a lognormal distribution, and its raw moment
of order n is:

2 2
E[Y"] = exp <n;¢ + n20> .

In particular, the mean is:

E[Y] = exp (u + 022) ,

and the variance can be calculated as:
Var(Y) = E[Y?] — E[Y]%.

This function can be used to adjust predictions from generalized linear mixed models with normally
distributed random parameters and a log link.
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Value

A numeric vector containing the raw moments of the specified lognormal distribution.

Examples
mu <- 0

sigma <- 1

# Mean of the lognormal distribution
moment_lognormal(mu, sigma, n = 1)

# Variance of the lognormal distribution
moment_1 <- moment_lognormal(mu, sigma, n = 1)

myAIC

moment_2 <- moment_lognormal(mu, sigma, n = 2)
moment_2 - moment_1%2
myAIC Calculate Akaike Information Criterion (AIC)

Description

This function calculates the Akaike Information Criterion (AIC) for a given model.

Usage
myAIC(LL, nparam)

Arguments
LL Numeric value representing the log-likelihood of the model.
nparam Numeric value representing the number of parameters in the model.
Details

The AIC is calculated using the formula:
AIC = —2-LL + 2 - nparam

Where LL is the log-likelihood of the model and nparam is the number of parameters.

Value

Numeric value representing the AIC.

Examples

LL <- -120.5
nparam <- 5
myAIC(LL, nparam)
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myBIC Calculate Bayesian Information Criterion (BIC)

Description

This function calculates the Bayesian Information Criterion (BIC) for a given model.

Usage

myBIC(LL, nparam, n)

Arguments
LL Numeric value representing the log-likelihood of the model.
nparam Numeric value representing the number of parameters in the model.
n Numeric value representing the number of observations.

Details

The BIC is calculated using the formula:
BIC = =2 - LL + nparam - log(n)

Where LL is the log-likelihood of the model, nparam is the number of parameters, and n is the
number of observations.

Value

Numeric value representing the BIC.

Examples

LL <- -120.5

nparam <- 5

n <- 100

myBIC(LL, nparam, n)
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NegativeBinomiallLindley
Poisson-Lindley-Gamma (Negative Binomial-Lindley) Distribution

Description

Probability mass, cumulative distribution, quantiles, and random generation for the mean-parameterized
Poisson-Lindley-Gamma (PLG), also called the negative binomial-Lindley (NB-L), distribution.
The PMF uses a guarded GSL Tricomi-U evaluation with adaptive quadrature as a fallback.

Usage
dplindGamma(
X}
mean = 1,
theta = 1,
alpha = 1,
log = FALSE,

rel.tol = 1e-08,
subdivisions = 200L,

method = c("auto”, "quadrature")
)
pplindGamma(

qa,

mean = 1,

theta = 1,

alpha = 1,

lower.tail = TRUE,

log.p = FALSE,

rel.tol = 1e-08,
subdivisions = 200L

)

gplindGamma(p, mean = 1, theta = 1, alpha = 1)

rplindGamma(n, mean = 1, theta = 1, alpha = 1)
Arguments

X Numeric vector of counts. Negative, infinite, or noninteger counts have proba-
bility zero; noninteger counts produce a warning.

mean Marginal mean i, finite and nonnegative. May be a vector for the density, CDF,
and quantile functions; must be scalar for random generation. A zero mean gives
a point mass at zero.

theta Lindley parameter, finite and strictly positive. May be a vector except for ran-

dom generation.
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alpha

log
rel.tol

subdivisions

method

q
lower.tail
log.p

p

n

Details

Gamma dispersion, finite and nonnegative. For positive alpha, the mean-one
gamma factor has shape and rate 1/«, and variance «. Zero selects the exact
Poisson-Lindley limit. May be a vector except for random generation.

Logical; return log probabilities from dplindGamma.

Relative tolerance, a scalar between 1e-12 and 1e-3; default 1e-8. Controls
adaptive quadrature and, for the PMF, screening of GSL error estimates and
log-formula roundoff. It is a numerical target, not a certified bound on the final
€erTor.

Maximum number of subintervals for each side of each component integral; an
integer of at least 50, default 200.

PMF evaluation method. "auto” (default) attempts GSL outside the guarded
regions and uses quadrature if any check fails. "quadrature” always uses adap-
tive quadrature and is useful for validation. There is deliberately no option to
force an unchecked GSL value. This argument applies only to dplindGamma.

Numeric vector of quantiles. Finite values are rounded down.
Logical; if TRUE, return P(Y < ¢); otherwise return P(Y > gq).
Logical; return log probabilities from pplindGamma.

Numeric vector of probabilities in [0, 1].

Number of observations to generate: a nonnegative integer scalar.

Parameterization and probability mass. Let L have Lindley density

2

- +9(1 +0e % 1>0,

fo(l) =

and let W = L/E(L), where E(L) = (6 + 2)/[0(0 4+ 1)]. Conditional on W, Y is negative
binomial with size 1/« and mean uW. Equivalently, Y | W, G is Poisson with mean pW G, with
independent G ~ Gamma(1l/a, 1/«), using the shape-rate parameterization. Thus mean is the
marginal mean, not the unnormalized Lindley scale.

The compound probability mass function (PMF) for the Poisson-Lindley-Gamma distribution is

flx|p,b,a)=

(6+2)°T(z +1/0) (u9(9+1)U<x+1,2—1/a bv2 )> +x;—1U<:r,+2,3—1/04,

ap?(6 +1)30(1/a) 0+2 Tap(d+1

This expression applies for i > 0, > 0, a > 0, and nonnegative integer z. Here U is Tricomi’s
confluent hypergeometric function of the second kind, with positive-integrand representation

U(a,b,z) =

1 /OO —ztya—1 b—a—1
— eI (1 4+¢)°7 7 dt, a>0,2z>0.
L(a) Jo

This integral exists for every real b; integer or nonpositive b is not, by itself, a mathematical singu-
larity of U. The expected value of the distribution is

Elz] = p.

0+2

ap(d +
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The variance is

02=u+((1+a) (2—((()52)2)—1)#2.

GSL instability and automatic fallback. In the PMF above, both Tricomi terms have third argu-

ment
o 0+2

Cau(@+1)

The ROOT discussion cited below reports GSL series-convergence failures for U(a, b, z) when
a > 8 and z is close to zero; an example is U(9.50606, 0.5,0.000160903). The final correction in
that thread says a > 8, superseding the earlier statement a < 10. These are historical implemen-
tation failures, not singularities of the function. The discussion also concerns Kummer’s first-kind
function at negative arguments; those examples are not the basis of this PMF’s guard, since its
Tricomi argument z is positive.

Additional checks against positive-integrand quadrature with GSL 2.7.1 found underestimated error
for large negative second arguments, e.g. x = @, mean = 1000, theta=1, alpha=0.001 (1/a =
1000, z = 1.5), where the relative PMF discrepancy was about 4 x 10~% despite successful GSL
status. The guard 0 < o < 0.01 conservatively excludes this large-negative-b regime; it too is an
implementation policy, not a mathematical boundary.

Inmethod = "auto”, both U calls are bypassed whenever either first argument exceeds 8 and z < 1.
Here the first arguments are x + 1 and = + 2, so this guard applies to x > 7. The cutoff 1 is
a conservative implementation choice around the reported small-positive-argument failures, not a
published universal boundary. Tests with GSL 2.7.1 also found inaccurate, successful-status results
outside z < 0.01 (including z near 0.12), motivating the wider z < 1 guard. Behavior depends on
the linked GSL version and on all three arguments. For numerical and computational safeguards,
quadrature is also used directly when 0 < o < 0.01, either first argument exceeds 10, or z cannot
be represented as a positive normal double.

Otherwise, the two U terms are evaluated together with gsl: :hyperg_U(. .., give = TRUE, strict
= TRUE). The complete PMF is recomputed by quadrature if GSL throws an error or warning; re-
turns NULL, missing/malformed fields, NA, NaN, or infinite values; reports nonzero status; returns a
nonpositive or subnormal U value; or supplies an invalid error estimate. Each estimated relative U
error must be at most rel. tol / 4. A conservative estimate of roundoff in the log formula must also
be at most rel. tol / 4. Invalid component probabilities or a final probability outside (0, 1] trigger
the same fallback. GSL errors are not exposed as warnings when quadrature subsequently succeeds.
An unavailable GSL namespace also causes fallback when this file is sourced independently.

Gamma ratios, powers, and the sum of the two positive terms are evaluated on the log scale. A
zero U result is treated as possible underflow, never as proof of a zero probability. Neither success
status nor an error estimate proves accuracy for every argument. Use method = "quadrature” for
independent checks in the parameter range of an application, especially after changing the linked
GSL version.

Adaptive quadrature and cumulative probabilities. Write X = L. With probability /(1 +
0), X ~ Gamma(l,1); otherwise, X ~ Gamma(2,1). Withc = (8 +2)/(0 +1), W =
X/c. Quadrature integrates the conditional NB PMF separately against these two positive gamma
densities. Each integral uses t = log X, is scaled at its mode, and is integrated on both sides of
the mode with separate width scales. Component probabilities are combined using log-sum-exp.
The fallback does not use a difference of hypergeometric functions, truncate the count support, or
substitute an arbitrary positive probability floor.
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pplindGamma always uses quadrature of the conditional NB CDF or survival function. Upper tails
are integrated directly; probabilities near one are obtained from the opposite small tail. At alpha =
0, the conditional routines are Poisson and GSL is bypassed. Small positive alpha is never silently
replaced by zero. If quadrature itself fails, the affected result is NaN with a warning; extreme inputs
need not be resolvable in double precision. On the ordinary probability scale, sufficiently small
probabilities can still underflow to zero; use log = TRUE or log.p = TRUE for such tails.

gplindGamma uses sequential inversion of pplindGamma with its default integration controls, re-
turning the smallest nonnegative integer with CDF at least p. The endpoints are zero for p = @ and
infinity for p = 1 when mean > @; for mean = @, every valid quantile is zero. rplindGamma retains
inverse-CDF generation using uniform draws and this quantile function. Quantiles and simulation
therefore do not benefit from the GSL PMF path and can be slow for large means or probabilities
near one.

Numeric arguments of dplindGamma and pplindGamma are recycled to their maximum length; any
zero-length numeric argument produces numeric(@). Their logical flags and numerical controls
must be scalar. Missing values propagate. Invalid distribution parameters produce NaN with a
warning. The quantile function uses Vectorize recycling and simplification; random generation
requires scalar parameters. Names on x or g are retained when their length equals the output length.

Value

dplindGamma returns probability masses or log masses; pplindGamma returns cumulative or survival
probabilities, possibly on the log scale; gplindGamma returns quantiles; and rplindGamma returns
n random counts.

References

ROOT Forum, Problem in Hypergeometric functions with GSL, including the April 19, 2010 correc-
tion and October 3, 2014 follow-up: https://root-forum.cern.ch/t/problem-in-hypergeometric-functions-with-
9507.

GNU Scientific Library Reference Manual, Hypergeometric Functions: https://www.gnu.org/
software/gsl/doc/html/specfunc.html.

See Also

hyperg_U, integrate, dnbinom

Examples

dplindGamma(@:5, mean = 0.75, theta = 7, alpha = 2)

# Compare the hybrid evaluator with the quadrature reference.

x <- 0:10

fast <- dplindGamma(x, mean = 2, theta = 1, alpha = 0.5)

reference <- dplindGamma(x, mean = 2, theta = 1, alpha = 0.5,
method = "quadrature”)

max(abs(fast - reference))

# x >= 7 and z = (theta+2)/(alpha*mean*(thetat+1)) < 1:
# the small-z guard sends this PMF directly to quadrature.


https://root-forum.cern.ch/t/problem-in-hypergeometric-functions-with-gsl/9507
https://root-forum.cern.ch/t/problem-in-hypergeometric-functions-with-gsl/9507
https://www.gnu.org/software/gsl/doc/html/specfunc.html
https://www.gnu.org/software/gsl/doc/html/specfunc.html
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dplindGamma(8, mean = 1e4, theta = 1, alpha = 2/3, log = TRUE)

# Log probabilities remain useful when ordinary probabilities underflow.
dplindGamma (10000, mean = 0.1, theta = 1, alpha = 0.5, log = TRUE)
pplindGamma (10, mean = @.75, theta = 3, alpha = 0.5,

lower.tail = FALSE, log.p = TRUE)
dplindGamma(@:3, mean = 0.75, theta = 2, alpha = 0)
gplindGamma(c(@, 0.5, 0.9, 1), mean = 1.67, theta = 0.5, alpha = 0.5)
rplindGamma(5, mean = 0.5, theta = 0.5, alpha = 2)

poisLindRE Function for estimating a Random Effects Poisson-Lindley regression
model

Description

Function for estimating a Random Effects Poisson-Lindley regression model

Usage

poisLind.re(
formula,
group_var,
data,
method = "NM",
max.iters = 1000,
print.level = 0,
bootstraps = NULL,
offset = NULL

)
Arguments

formula an R formula.

group_var the grouping variable(s) indicating random effects (e.g., individual ID).

data a dataframe that has all of the variables in the formula.

method a method to use for optimization in the maximum likelihood estimation. For
options, see maxLik. Note that "BHHH" is not available for this function due to
the implementation for the random effects.

max.iters the maximum number of iterations to allow the optimization method to perform.

print.level Integer specifying the verbosity of output during optimization.

bootstraps Optional integer specifying the number of bootstrap samples to be used for esti-

mating standard errors. If not specified, no bootstrapping is performed.

offset an optional offset term provided as a string.
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Details

The function poisLindRE is similar to the poisLind function, but it includes an additional argument
group_var that specifies the grouping variable for the random effects. The function estimates
a Random Effects Poisson-Lindley regression model using maximum likelihood. It is similar to
poisLind, but includes additional terms to account for the random effects.

The Random Effects Poisson-Lindley model is useful for panel data and assumes that the random
effects follow a gamma distribution. The PDF is

0(6+1)\ Yt 0(6+1 ni
Mit (,9+2 )) (Zt 1 yzt) (Zt 1 Hit (9+2) + 0 + Zt:l Yit + 1)

Yit! 0(6+1
(Zt 1 Mt (9+2)+9

f(yz't|/$it79): i H(

9—}—1t:1

)Zf:"l Yit+2

The log-likelihood function is:

00+1)\ — (8-
LL = 2log(0)—log(6+1) +Z Yit log (it +Z Yit log(%_}_) Zlog Yit! +log<<z ylt> !) +log (Z Mit%
=1

t=1

The mean and variance are:
Hit = GXP(Xifﬂ)

V(pie) = par + (1 - (932)> 2

Value
An object of class countreg which is a list with the following components:

* model: the fitted model object.
 data: the data frame used to fit the model.
e call: the matched call.

¢ formula: the formula used to fit the model.

Examples

data("washington_roads")
washington_roads$AADTover10k <-
ifelse(washington_roads$AADT > 10000, 1, @)

poislind.mod <- poisLind.re(
Animal ~ lnaadt + lnlength + speed50 +
ShouldWidth@4 + AADTover10k,

data = washington_roads,
group_var = "ID",
method = "NM",
max.iters = 1000
)

summary (poislind.mod)
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PoissonGeneralizedExponential
Poisson-Generalized-Exponential Distribution

Description

These functions provide density, distribution function, quantile function, and random number gen-
eration for the Poisson-Generalized-Exponential (PGE) Distribution

Usage

.dpge_one(x, mean, shape, scale, haltons)

dpge(
X,
mean = 1,
shape = 1,
scale = 1,
ndraws = 1500,
log = FALSE,
haltons = NULL
)

ppge(
qa,
mean = 1,
shape = 1,
scale = 1,
ndraws = 1500,
lower.tail = TRUE,
log.p = FALSE,
haltons = NULL

)

gpge(p, mean = 1, shape = 1, scale = 1, ndraws = 1500)

rpge(n, mean = 1, shape 1, scale = 1, ndraws = 1500)

Arguments
X numeric value or a vector of values.
mean numeric value or vector of mean values for the distribution (the values have to
be greater than 0). This is NOT the value of A.
shape numeric value or vector of shape values for the shape parameter of the general-

ized exponential distribution (the values have to be greater than 0).
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scale single value or vector of values for the scale parameter of the generalized expo-
nential distribution (the values have to be greater than 0).
haltons an optional vector of Halton draws to use instead of ndraws.
ndraws the number of Halton draws to use for the integration.
log logical; if TRUE, probabilities p are given as log(p).
q quantile or a vector of quantiles.
lower. tail logical; if TRUE, probabilities p are P[X < z] otherwise, P[X > z].
log.p logical; if TRUE, probabilities p are given as log(p).
p probability or a vector of probabilities.
n the number of random numbers to generate.
Details

dpge computes the density (PDF) of the PGE Distribution.
ppge computes the CDF of the PGE Distribution.

gpge computes the quantile function of the PGE Distribution.
rpge generates random numbers from the PGE Distribution.

The Generalized Exponential distribution can be written as a function with a shape parameter o > 0
and scale parameter v > 0. The distribution has strictly positive continuous values. The PDF of the
distribution is:

x x

fzla,y) = % (1 - 67;)%167;

Thus, the compound Probability Mass Function(PMF) for the PGE distribution is:

RO NYpYe— AT Na—1l
fylA a,pB) = / #9 (1 - e*?) e vdx

0 Y Y

The expected value of the distribution is:
Yla+1) - (1)
£t ==
~

Where t(-) is the digamma function.

The variance is:

oo (LD | (e )
v Y
Where ¢/ (+) is the trigamma function.

To ensure that ;1 = eX5, \ is replaced with:

yeXP

~Yla+1) —9(1)

This results in:

X8 Y ,( ~eXB ):1:
) xYe P(at1)—1p(1)

e
_ [~ (¢<a+1>—w<1> @ _e\eTl e

Halton draws are used to perform simulation over the lognormal distribution to solve the integral.
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Value

dpge gives the density, ppge gives the distribution function, qpge gives the quantile function, and
rpge generates random deviates.

The length of the result is determined by n for rpge, and is the maximum of the lengths of the
numerical arguments for the other functions.

References

Gupta, R. D., & Kundu, D. (2007). Generalized exponential distribution: Existing results and some
recent developments. Journal of Statistical planning and inference, 137(11), 3537-3547.

Examples

dpge (@, mean=0.75, shape=2, scale=1, ndraws=2000)
ppge(c(0,1,2,3,4,5,6), mean=0.75, shape=2, scale=1, ndraws=500)
gpge(c(0.1,0.3,0.5,0.9,0.95), mean=0.75, shape=2, scale=1, ndraws=500)
rpge(30, mean=0.75, shape=2, scale=1, ndraws=500)

PoissonInverseGamma Poisson-Inverse-Gamma Distribution

Description

These functions provide the density function, distribution function, quantile function, and random
number generation for the Poisson-Inverse-Gamma (PInvGamma) Distribution

Usage
dpinvgamma(x, mu = 1, eta = 1, log = FALSE)

ppinvgamma(q, mu = 1, eta = 1, lower.tail = TRUE, log.p = FALSE)
gpinvgamma(p, mu = 1, eta = 1)

rpinvgamma(n, mu = 1, eta = 1)

Arguments
X numeric value or a vector of values.
mu numeric value or vector of mean values for the distribution (the values have to
be greater than 0).
eta single value or vector of values for the scale parameter of the distribution (the
values have to be greater than 0).
log logical; if TRUE, probabilities p are given as log(p).

q quantile or a vector of quantiles.
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lower.tail logical; if TRUE, probabilities p are P[X < z] otherwise, P[X > x].
log.p logical; if TRUE, probabilities p are given as log(p).
p probability or a vector of probabilities.
n the number of random numbers to generate.
Details

dpinvgamma computes the density (PDF) of the Poisson-Inverse-Gamma Distribution.
ppinvgamma computes the CDF of the Poisson-Inverse-Gama Distribution.

gpinvgamma computes the quantile function of the Poisson-Inverse-Gamma Distribution.
rpinvgamma generates random numbers from the Poisson-Inverse-Gamma Distribution.

The compound Probability Mass Function (PMF) for the Poisson-Inverse-Gamma distribution is:

1 b
rt eta +2

f(zn, 1) = i (M S:(;)BJK;EJ (2\/@)

Where 7 is a shape parameter with the restriction that » > 0, i > 0 is the mean value, y is a non-
negative integer, and K;(z) is the modified Bessel function of the second kind. This formulation
uses the mean directly.

The variance of the distribution is:

o = p+np’

Value

dpinvgamma gives the density, ppinvgamma gives the distribution function, gpinvgamma gives the
quantile function, and rcom generates random deviates.

The length of the result is determined by n for rpinvgamma, and is the maximum of the lengths of
the numerical arguments for the other functions.

Examples

dpinvgamma(l, mu=0.75, eta=1)
ppinvgamma(c(o,1,2,3,5,7,9,10), mu=0.75, eta=3)
gpinvgamma(c(0.1,0.3,0.5,0.9,0.95), mu=0.75, eta=0.5)
rpinvgamma(30, mu=0.75, eta=1.5)
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PoissonInverseGaussian

Poisson-Inverse-Gaussian Distribution

Description

These functions provide the density function, distribution function, quantile function, and random
number generation for the Poisson-Inverse-Gaussian (PInvGaus) Distribution.

These functions provide the density function, distribution function, quantile function, and random
number generation for the Poisson-Inverse-Gaussian (PInvGaus) Distribution

Usage

dpinvgaus(x, mu = 1, eta = 1, form = "Type 1", log = FALSE)
ppinvgaus(

q,

mu =1,

eta =1,

form = "Type 1",

lower.tail = TRUE,

log.p = FALSE
)
gpinvgaus(p, mu = 1, eta = 1, form = "Type 1")
rpinvgaus(n, mu = 1, eta = 1, form = "Type 1")
dpinvgaus(x, mu = 1, eta = 1, form = "Type 1", log = FALSE)
ppinvgaus(

q,

mu =1,

eta =1,

form = "Type 1",

lower.tail = TRUE,

log.p = FALSE
)
gpinvgaus(p, mu = 1, eta = 1, form = "Type 1")
rpinvgaus(n, mu = 1, eta = 1, form = "Type 1")

Arguments

X numeric value or a vector of values.
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mu numeric value or vector of mean values for the distribution (the values have to
be greater than 0).

eta single value or vector of values for the scale parameter of the distribution (the
values have to be greater than 0).

form optional parameter indicating which formulation to use. Options include "Type
1" which is the standard form or "Type 2" which follows the formulation by
Dean et. al. (1987).

log logical; if TRUE, probabilities p are given as log(p).
q quantile or a vector of quantiles.
lower. tail logical; if TRUE, probabilities p are P[X < z] otherwise, P[X > z].
log.p logical; if TRUE, probabilities p are given as log(p).
p probability or a vector of probabilities.
n the number of random numbers to generate.
Details

The Poisson-Inverse-Gaussian distribution is a special case of the Sichel distribution (Cameron &
Trivedi, 2013). It is also known as a univariate Sichel distribution (Hilbe, 2011).

dpinvgaus computes the PDF of the Poisson-Inverse-Gaussian dist.
ppinvgaus computes the CDF of the Poisson-Inverse-Gaussian dist.
gpinvgaus computes quantiles of the Poisson-Inverse-Gaussian dist.
rpinvgaus generates random numbers from the distribution.

The PMF (Type 1) is:

F(0) = exp (401 - vI+20))

fyln, p) = , B ‘ i '
Fly > 0) = FO) L (14 20) ™0/ SU0g S0 (1) (14 2m)=9/2

The variance is:

0% = p+np
Type 2 modifies n — nu:
f(0) = exp %(1 - Vit 2nu))
y—1 ) ,
> 0) = FO)2 (14 2p) 7 > S (3)
Resulting variance:
o = p+nu’

The Poisson-Inverse-Gaussian distribution is a special case of the Sichel distribution, as noted by
Cameron & Trivedi (2013). It is also known as a univariate Sichel distribution (Hilbe, 2011).

dpinvgaus computes the density (PDF) of the Poisson-Inverse-Gaussian Distribution.
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ppinvgaus computes the CDF of the Poisson-Inverse-Gaussian Distribution.
gpinvgaus computes the quantile function of the Poisson-Inverse-Gaussian Distribution.
rpinvgaus generates random numbers from the Poisson-Inverse-Gamma Distribution.
The compound Probability Mass Function (PMF) for the Poisson-Inverse-Gaussian distribution
(Type 1) is (Cameron & Trivedi, 2013):
i) f(yzO):exp(% (1—\/14—277))

yin, p) = v B 1 T(y+y) 2 i
Floly > 0) = £y = 0)£5(1 4+ 2) 02 023 il () (14 g2
Where 7 is a scale parameter with the restriction that > 0, p is the mean value, and y is a
non-negative integer.
The variance of the distribution is:
0% = p+np
The alternative parametrization by Dean et. al. (1987) replaces n with nu. This version (Type 2)
has the PMF:
Flnpy = =0 =0 (5 (1= vT+2im) )
) - Y - -1 T i 2 _i
Flyly > 0) = fy = 0) 47 (1 + 2npu) /2 - SIZ5 ot (2)° (14 2np) 772
This results in the variance of:
o = p+np’

Value
description dpinvgaus gives the density, ppinvgaus gives the distribution function, qpinvgaus gives
the quantile function, and rpinvgaus generates random deviates.
The length of the result is determined by n for rpinvgaus, and is the maximum of the lengths of the
numerical arguments for the other functions.
dpinvgaus gives the density, ppinvgaus gives the distribution function, qpinvgaus gives the quantile
function, and rpinvgaus generates random deviates.
The length of the result is determined by n for rpinvgaus, and is the maximum of the lengths of the
numerical arguments for the other functions.

References

Cameron & Trivedi (2013). Regression Analysis of Count Data. Dean, Lawless & Willmot (1989).
Mixed Poisson—Inverse Gaussian Models. Hilbe (2011). Negative Binomial Regression.

Cameron, A. C., & Trivedi, P. K. (2013). Regression analysis of count data, 2nd Edition. Cambridge
university press.

Dean, C., Lawless, J. F., & Willmot, G. E. (1989). A mixed Poisson-Inverse-Gaussian regression
model. Canadian Journal of Statistics, 17(2), 171-181.

Hilbe, J. M. (2011). Negative binomial regression. Cambridge University Press.
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dpinvgaus(1, mu=0.75, eta=1)

ppinvgaus(c(@0,1,2,3,5,7,9,10), mu=0.75, eta=3, form="Type 2")
gpinvgaus(c(0.1,0.3,0.5,0.9,0.95), mu=0.75, eta=0.5, form="Type 2")
rpinvgaus (30, mu=0.75, eta=1.5)

dpinvgaus(1, mu=0.75, eta=1)

ppinvgaus(c(0,1,2,3,5,7,9,10), mu=0.75, eta=3, form="Type 2")
gpinvgaus(c(0.1,0.3,0.5,0.9,0.95), mu=0.75, eta=0.5, form="Type 2")
rpinvgaus (30, mu=0.75, eta=1.5)

PoissonLindley

Poisson-Lindley Distribution

Description

These functions provide density, distribution function, quantile function, and random number gen-
eration for the Poisson-Lindley (PL) Distribution

Usage

msgl

dplind(x,
pplind(q,
aplind(p,
rplind(n,

Arguments

X

mean

theta

lambda

log

q
lower.tail

mean

mean

mean

mean

=1, theta = 1, lambda

=1, theta = 1, lambda = NULL, log = FALSE)

= 1, theta = 1, lambda = NULL, lower.tail = TRUE, log.p = FALSE)

NULL)

=1, theta = 1, lambda = NULL)

numeric value or a vector of values.

numeric value or vector of mean values for the distribution (the values have to
be greater than 0).

single value or vector of values for the theta parameter of the distribution (the
values have to be greater than 0).

alternative parameterization (use instead of the mean); numeric value or vector
of values for lambda parameter of the distribution (the values have to be greater
than 0).

logical; if TRUE, probabilities p are given as log(p).
quantile or a vector of quantiles.
logical; if TRUE, probabilities p are P[X < z] otherwise, P[X > z].
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log.p logical; if TRUE, probabilities p are given as log(p).
p probability or a vector of probabilities.
n the number of random numbers to generate.

Details

The Poisson-Lindley is a 2-parameter count distribution that captures high densities for small inte-
ger values. This makes it ideal for data that are zero-inflated.

dplind computes the density (PDF) of the Poisson-Lindley Distribution.

pplind computes the CDF of the Poisson-Lindley Distribution.

gplind computes the quantile function of the Poisson-Lindley Distribution.

rplind generates random numbers from the Poisson-Lindley Distribution.

The compound Probability Mass Function (PMF) for the Poisson-Lindley (PL) distribution is:

N0+ N+y+1)
0+ 1)(6 + \)v+2

flo,\) =

Where 6 and )\ are distribution parameters with the restrictions that ¢ > 0 and A > 0, and y is a
non-negative integer.

The expected value of the distribution is:

CA0+2)
F=%0+1)

The default is to use the input mean value for the distribution. However, the lambda parameter can
be used as an alternative to the mean value.

Value

dplind gives the density, pplind gives the distribution function, gplind gives the quantile function,
and rplind generates random deviates.

The length of the result is determined by n for rplind, and is the maximum of the lengths of the
numerical arguments for the other functions.

Examples

dplind(@, mean = @.75, theta = 7)

pplind(c(o, 1, 2, 3, 5, 7, 9, 10), mean = 0.75, theta = 7)
gplind(c(0@.1, 0.3, 0.5, 0.9, 0.95), lambda = 4.67, theta = 7)
rplind(30, mean = 0.75, theta = 7)
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PoissonLindleylLognormal

Poisson-Lindley-Lognormal Distribution

Description

These functions provide density, distribution, quantile, and random generation for the Poisson-
Lindley-Lognormal (PLL) Distribution.

Usage

dplindLnorm(
X,
mean = 1,
theta = 1,
sigma = 1

’

ndraws = 1500,

log = FALSE,
hdraws = NULL

)

pplindLnorm(
q,
mean = 1,
theta = 1,

lambda = NULL,

sigma = 1,

ndraws = 1500,

lower.tail =
log.p = FALSE

)
gplindLnorm(p,

rplindLnorm(n,

Arguments

X
mean
theta
sigma
ndraws
log

hdraws

TRUE,
mean = 1, theta = 1, sigma = 1, ndraws = 1500, lambda
mean = 1, theta = 1, sigma = 1, ndraws = 1500, lambda

numeric value or vector of values.
mean (>0).

Poisson-Lindley theta parameter (>0).
lognormal sigma parameter (>0).
number of Halton draws.

return log-density.

optional Halton draws.

NULL)

NULL)
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q quantile or vector of quantiles.
lambda optional lambda parameter (>0).
lower.tail TRUE returns P[X < z].
log.p return log-CDF.
p probability or vector of probabilities.
n number of random draws.

Details

The PLL is a 3-parameter count distribution that captures high mass at small y and allows flexible
heavy tails.

dplind computes the PLL density. pplind computes the PLL. CDF. gplind computes quantiles.
rplind generates random draws.

The PMF is:
In?(z)
" 02uY2Y (0 + pw +y + 1) XP <_ 207 )
fylp,0,0) = > dx
0 (04 1)(0 4 px)y xoV2m
Mean:
MO + 2)e” /2
E = = -
] = n 00+ 1)

Halton draws are used to evaluate the integral.

Value

dplindLnorm gives the density, pplindLnorm gives the distribution function, gplindLnorm gives the
quantile function, and rplindLnorm generates random deviates.

The length of the result is determined by n for rplindLnorm, and is the maximum of the lengths of
the numerical arguments for the other functions.

Examples

dplindLnorm(@, mean=0.75, theta=7, sigma=2, ndraws=10)
pplindLnorm(@:10, mean=0.75, theta=7, sigma=2, ndraws=10)
gplindLnorm(c(0.1,0.5,0.9), lambda=4.67, theta=7, sigma=2)
rplindLnorm(5, mean=0.75, theta=7, sigma=2)
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PoissonLognormal Poisson-Lognormal Distribution

Description

These functions provide density, distribution function, quantile function, and random number gen-
eration for the Poisson-Lognormal (PLogN) Distribution

Usage

dpLnorm(
X,
mean = 1,
sigma = 1,
ndraws = 1500,
log = FALSE,
hdraws = NULL,
engine = c("halton”, "poilog")

)

ppLnorm(
q,
mean = 1,
sigma = 1,
ndraws = 1500,
lower.tail = TRUE,
log.p = FALSE,
engine = c("halton”, "poilog")

)
gpLnorm(p, mean = 1, sigma = 1, ndraws = 1500, engine = c("halton”, "poilog"))

rpLnorm(n, mean = 1, sigma = 1)

Arguments

X numeric value or a vector of values.

mean numeric value or vector of mean values (not the expected value). This is the
mean for the Poisson portion of the distribution. Note that the mean values have
to be greater than 0.

sigma single value or vector of values for the sigma parameter of the lognormal distri-
bution (the values have to be greater than 0).

ndraws the number of Halton draws to use for the integration.

log logical; if TRUE, probabilities p are given as log(p).

hdraws and optional vector of Halton draws to use for the integration.
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engine the engine to use for the integration. Options include "halton" which uses Halton
draws or "poilog" which uses the poilog package.

q quantile or a vector of quantiles.

lower.tail logical; if TRUE, probabilities p are P[X < z] otherwise, P[X > x].
log.p logical; if TRUE, probabilities p are given as log(p).

p probability or a vector of probabilities.

n the number of random numbers to generate.

Details

dpLnorm computes the density (PDF) of the Poisson-Lognormal Distribution.
ppLnorm computes the CDF of the Poisson-Lognormal Distribution.

gpLnorm computes the quantile function of the Poisson-Lognormal Distribution.
rpLnorm generates random numbers from the Poisson-Lognormal Distribution.

The compound Probability Mass Function (PMF) for the Poisson-Lognormal distribution is:

0 Y Y o—pT ETP (_lf(zw))
wave -

0« :/ dx
f(ylp, 0, ) ; ) T

Where ¢ is a parameter for the lognormal distribution with the restriction o > 0, and y is a non-
negative integer.

The expected value of the distribution is:

E[y] = €XB+02/2 = /1/602/2
The variance for the distribution is:

VY] = E[Y] + (602/2 - 1) E[Y]?

Halton draws are used to perform simulation over the lognormal distribution to solve the integral if
the engine is set to "halton". The poilog package is used to solve the integral if the engine is set to
"poilog".

Value

dpLnorm gives the density, ppLnorm gives the distribution function, qpLnorm gives the quantile
function, and rpLnorm generates random deviates.

The length of the result is determined by n for rpLnorm, and is the maximum of the lengths of the
numerical arguments for the other functions.

Examples

dpLnorm(@, mean=0.75, sigma=2, ndraws=10)

dpLnorm(@, mean=0.75, sigma=2, engine="poilog")
ppLnorm(c(0,1,2,3,5,7,9,10), mean=0.75, sigma=2, ndraws=10)
gpLnorm(c(0.1,0.3,0.5,0.9,0.95), mean=0.75, sigma=2, ndraws=10)
rpLnorm(30, mean=0.75, sigma=2)
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PoissonWeibull

Poisson-Weibull Distribution Functions

Description

These functions provide density, distribution function, quantile function, and random number gen-
eration for the Poisson-Weibull Distribution, which is specified either by its shape and scale param-
eters or by its mean and standard deviation.

Usage
dpoisweibull(
X,
lambda = NULL,
alpha = NULL,
sigma = NULL,

mean_value = NULL,
sd_value = NULL,
ndraws = 1500,

log = FALSE

)

ppoisweibull(
q,
lambda = NULL,
alpha = NULL,
sigma = NULL,

mean_value = NULL,
sd_value = NULL,
ndraws = 1500,
lower.tail = TRUE,

log.p = FALSE
)
gpoisweibull(
p)
lambda = NULL,
alpha = NULL,
sigma = NULL,

)

mean_value = NULL,
sd_value = NULL,
ndraws = 1500

rpoisweibull(

n)
lambda = NULL,
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alpha = NULL,
sigma = NULL,
mean_value = NULL,
sd_value = NULL,
ndraws = 1500
)
Arguments
X A numeric value or vector of values for which the PDF or CDF is calculated.
lambda Mean value of the Poisson distribution.
alpha Shape parameter of the Weibull distribution (optional if mean and sd are pro-
vided).
sigma Scale parameter of the Weibull distribution (optional if mean and sd are pro-
vided).

mean_value

Mean of the Weibull distribution (optional if alpha and sigma are provided).

sd_value Standard deviation of the Weibull distribution (optional if alpha and sigma are
provided).
ndraws the number of Halton draws to use for the integration.
log Logical; if TRUE, probabilities p are given as log(p).
q Quantile or a vector of quantiles.
lower.tail Logical; if TRUE, probabilities are P[X <= x], otherwise P[X > z].
log.p Logical; if TRUE, probabilities p are given as log(p).
p A numeric value or vector of probabilities for the quantile function.
n The number of random samples to generate.
Details

The Poisson-Weibull distribution uses the Weibull distribution as a mixing distribution for a Poisson
process. It is useful for modeling overdispersed count data. The density function (probability mass
function) for the Poisson-Weibull distribution is given by:

P\ a,0) = /°° e AT\l (2) (E)“’le—(

0 y! o/ \o

ala

)adx

where f(z|a, o) is the PDF of the Weibull distribution and ) is the mean of the Poisson distribution.
dpoisweibull computes the density of the Poisson-Weibull distribution.

ppoisweibull computes the distribution function of the Poisson-Weibull distribution.
gpoisweibull computes the quantile function of the Poisson-Weibull distribution.

rpoisweibull generates random numbers following the Poisson-Weibull distribution.

The shape and scale parameters directly define the Weibull distribution, whereas the mean and
standard deviation are used to compute these parameters indirectly.
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Value

dpoisweibull gives the density, ppoisweibull gives the distribution function, gpoisweibull gives the
quantile function, and rpoisweibull generates random deviates.

The length of the result is determined by n for rpoisweibull, and is the maximum of the lengths of
the numerical arguments for the other functions.

Examples

dpoisweibull (4, lambda=1.5, mean_value=1.5, sd_value=0.5, ndraws=10)
ppoisweibull (4, lambda=1.5, mean_value=1.5, sd_value=2, ndraws=10)
gpoisweibull(0.95, lambda=1.5, mean_value=1.5, sd_value=2, ndraws=10)
rpoisweibull (10, lambda=1.5, mean_value=1.5, sd_value=2, ndraws=10)

predict.flexCountReg Predictions for flexCountReg models

Description

Generates predictions for the expected count (lambda) for observations.
For countreg.rp (Random Parameters) models, three methods are available:
* Simulated: Uses Halton draws to simulate the random parameters and averages the outcomes.
This is a simulation-based approximation.

* Individual: Estimates observation-specific coefficients (conditional on observed outcomes)
using Empirical Bayes. Requires the outcome variable to be present in data.

* Exact: Uses the analytical Moment Generating Functions (MGFs) of the random parameter
distributions to calculate the exact expected value. This method is faster and removes simula-
tion error.

For countreg, poisLindRE, and RENB models, the function calculates the expected value p =
exp(X B) (with appropriate adjustments for specific families like PLN or underreporting).

Usage
## S3 method for class 'flexCountReg'
predict(object, newdata = NULL, ...)
Arguments
object a model object estimated using this R package.
newdata optional dataframe for which to generate predictions.

optional arguments passed to the function. This includes method.
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Value

A numeric vector of predicted expected counts for each observation in the provided data. If no data
is provided, the predictions for the data used in estimating the model are provided.

Note

optional parameter newdata: a dataframe that has all of the variables in the formula and rpar_formula.

optional parameter method: Only valid for random parameters models (countreg.rp). Options
include Simulated (default), Individual, or Exact.

References

Wood, J.S., Gayah, V. (2025). Out-of-sample prediction and interpretation for random parameter
generalized linear models. Accident Analysis and Prevention, 220, 108147.

Examples

# Load data and create a dummy variable
data("washington_roads")
washington_roads$AADT10kplus <- ifelse(washington_roads$AADT > 10000, 1, @)

#
# 1. Fixed Parameter Model (countreg)
#
nb2_fixed <- countreg(Total_crashes ~ lnaadt + lnlength + speed50,
data = washington_roads,
family = "NB2")
pred_fixed <- predict(nb2_fixed, data = washington_roads)

#

# 2. Random Parameters Model (countreg.rp)

#

rp_nb2 <- countreg.rp(Total_crashes ~ lnaadt + lnlength,
rpar_formula = ~ -1 + speed50,
data = washington_roads,
family = "NB2",

rpardists = c(speed50 = "n"),
ndraws = 100)

# Method A: Simulated (Default)
pred_sim <- predict(rp_nb2, data = washington_roads, method = "Simulated”)

# Method B: Exact (Analytical MGF)

pred_exact <- predict(rp_nb2, data = washington_roads, method = "Exact")
#

# 3. Random Effects Models (poisLindRE / RENB)

#

pl_re <- poisLind.re(Total_crashes ~ lnaadt + lnlength,
data = washington_roads,
group_var = "ID")



regCompTable

65

pred_pl_re <- predict(pl_re, data = washington_roads)

regCompTable

Create a Table Comparing Regression Models with AIC, BIC, and Mc-
Fadden’s Pseudo-R-Squared

Description

This function creates tables comparing the flexCountReg package models supplied to the function.

Usage

regCompTable(
models,
coefs = TRUE,
AIC = TRUE,
BIC = TRUE,

RSquare = TRUE,
tableType = "tibble",

digits = 3

Arguments

models

coefs

AIC

BIC

RSquare

tableType

digits

Value

A named list of fitted flexCountReg model objects. This must include 2 or more
models.

A logical. The default value TRUE indicates that the coefficients from the models
should be included in the table of comparisons.

A logical. The default value TRUE indicates that AIC values for the models
should be included.

A logical. The default value TRUE indicates that BIC values for the models
should be included.

A logical. The default value TRUE indicates that the McFadden’s Pseudo-R-
Squared statistic (comparing against a Poisson regression model) should be in-
cluded.

The type of table format to return. Options include "tibble" for returning the
table as a tibble, "gt" for a gt table object, or "latex" for a latex table. The
default is "tibble".

An integer value indicating the number of decimals to round the table values to.

A table comparing the models supplied to the function in the format specified The table includes
coefficients, standard errors, statistical significance, AIC, BIC, and McFadden’s Pseudo-R-Squared.
Table formats include: "tibble", "gt", and "latex".
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Examples

# Comparing the NBP model with the NB2 and NB1 models
data("washington_roads")
washington_roads$AADTover10k <- ifelse(washington_roads$AADT>10000,1,0)

nb.1 <- countreg(Total_crashes ~ lnaadt + lnlength + speed50 +
ShouldWidth@4 + AADTover10k,
data=washington_roads, family = 'NB1', method = 'NM")

nb.2 <- countreg(Total_crashes ~ lnaadt + lnlength + speed50 +
ShouldWidth@4 + AADToveriok,
data=washington_roads, family = 'NB2', method = 'NM')

nb.p <- countreg(Total_crashes ~ lnaadt + lnlength + speed50 +
ShouldWidth@4 + AADTover10k,
data=washington_roads, family = 'NBP', method = 'NM")

comptable <-
regCompTable(list("NB-1"=nb.1, "NB-2"=nb.2, "NB-P"=nb.p), tableType="latex")
print(comptable)

regCompTest Compare Regression Models with Likelihood Ratio Test, AIC, and BIC

Description

This function compares fitted regression model objects using the Likelihood Ratio (LR) test, Akaike
Information Criterion (AIC), and Bayesian Information Criterion (BIC).

Usage

regCompTest(
model,
data = NULL,
basemodel = "Poisson”,
variables = FALSE,
print = FALSE,

model2 = NULL

)
Arguments
model A fitted regression model object.
data An optional data frame containing the variables in the model. If not supplied,

the original data used to estimate the model will be used when available.
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basemodel

variables

print

model?2

Details
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A character string specifying the family of base model to compare against (op-
tions include the family from countreg or "Poisson"). Default is "Poisson".

Logical. If TRUE, the base model will include the same variables as the provided
model. If FALSE, the base model will be an intercept-only model. Default is
FALSE.

Logical. If TRUE, a table of the results will be shown. If FALSE, the table of
results will not be printed to the console.

Additional arguments to be passed to the base model fitting function. These
arguments are used only when a single fitted model is supplied and the function
needs to estimate the base model.

An optional second fitted regression model object. If supplied, the function com-
pares model and model?2 directly and does not estimate a separate base model.

When only one fitted model is supplied, the function estimates a base model from the supplied data
and compares the fitted model against that base model. When two fitted models are supplied, the
function compares the two fitted models directly and uses the model with the larger log-likelihood
as the base model for the LR test.

The function performs the following steps for the single-model workflow:

Ll O

Fits the base model, either a Poisson regression or another specified model.
Computes the log-likelihoods of the provided model and the base model.
Calculates the AIC and BIC for both models.

Conducts a Likelihood Ratio test to compare the fitted model against the estimated base model

when the fitted model has more parameters than the base model.

5. Computes McFadden’s Pseudo R"2.

For the two-model workflow, the function compares the two fitted models directly. The model with
the larger log-likelihood is treated as the base model for the LR test, and the other model is treated
as the comparison model.

The Likelihood-Ratio test is computed as

LR = _2(LLbase - LLCO'mparison)

. The test is chi-squared with degrees of freedom

dOf = |Nbase params — Nco7npm'ison params

. The AIC is calculated as

AIC = —-2-LL+ 2 - nparam

, and the BIC is calculated as

BIC = —2- LL + nparam - log(n)
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Value

A list containing the comparison results.

For the single-model workflow, the returned list includes LL, LLbase, LR, LRdof, AIC, AICbase,
BIC, BICbase, LR_pvalue, PseudoR2, statistics, gtTable, latexTable, and htmlTable.

For the two-model workflow, the returned list includes model1, model2, base_model, comparison_model,
base_index, comparison_index, LL_base, LL_comparison, LR, LRdof, LR_pvalue, statistics
gtTable, latexTable, and htmlTable.

Examples

# Example 1: Compare one fitted model against an estimated Poisson base model
data("washington_roads")
washington_roads$AADTover10k <- ifelse(washington_roads$AADT > 10000, 1, 0)

nbp.base <- countreg(Total_crashes ~ lnaadt + lnlength + speed50 +
ShouldWidth@4 + AADToverl0k,
data = washington_roads, family = "NBP", method = "NM",
max.iters = 3000)

regCompTest(nbp.base, data = washington_roads, basemodel = "Poisson”,
variables = TRUE, print = TRUE)

# Example 2: Compare two fitted models directly

nb2.base <- countreg(Total_crashes ~ lnaadt + lnlength + speed50@ +
ShouldWidth@4 + AADTover10k,
data = washington_roads, family = "NB2", method = "NM",
max.iters = 3000)

regCompTest(nbp.base, data = washington_roads, model2 = nb2.base,
print = TRUE)

renb Estimate a Random Effects Negative Binomial regression model

Description

Estimate a Random Effects Negative Binomial regression model

Usage

renb(
formula,
group_var,
data,
method = "NM",
max.iters = 1000,
print.level = 0,
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bootstraps = NULL,
offset = NULL

)
Arguments
formula an R formula.
group_var the grouping variable(s) for the random effects (e.g., individual ID or other panel
ID variables).
data a dataframe that has all of the variables in the formula.
method a method to use for optimization in the maximum likelihood estimation. For
options, see maxLik. Note that "BHHH" is not available for this function due to
the implementation for the random effects.
max.iters the maximum number of iterations to allow the optimization method to perform.
print.level Integer specifying the verbosity of output during optimization.
bootstraps Optional integer specifying the number of bootstrap samples to be used for esti-
mating standard errors. If not specified, no bootstrapping is performed.
offset an optional offset term provided as a string.
Details

This function estimates a random effects negative binomial (RENB) regression model. This model
is based on the NB-1 model. The PDF for the RENB is:

L(a+b)T(a+ > 1, lambda;)L'(b+ > 1 yir) ﬁ T'( it + yir)

TinlAie: 0:0) = =R 0 + b 5 e + s ) AL T T ()

t=1

Where y;; is the count outcome for individual ¢ at time ¢, and \;; is the latent Poisson mean pa-
rameter for individual ¢ at time ¢. The parameters a and b are the shape parameters for the beta
distribution that is used to model the random effects. The RENB model allows for overdispersion
in the count data and accounts for unobserved heterogeneity across individuals by including random
effects in the model. This formulation follows the approach described in the paper by Hausman,
Hall, and Griliches (1984) for modeling panel data with random effects.

The marginal mean and marginal variance of the RENB model are given by:

Elyit) = Ait

oo mt= exp(XitB)

a+b—1 +aer—l 9
_9 Hit b(a—?) it

Varly:] =

Thus, the formulation of the model estimated here allows the use of the estimated coefficients to
directly compute the marginal mean.

Note that the RENB model is a panel data model, and the group_var argument must be specified
to indicate the grouping variable(s) for the random effects. The model is estimated using maximum
likelihood estimation, and the optimization is performed using the maxLik package. The user can
specify the optimization method and maximum iterations.
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Value

An object of class countreg which is a list with the following components:

* model: the fitted model object.
e data: the data frame used to fit the model.
e call: the matched call.

e formula: the formula used to fit the model.

References

Hausman, Jerry A., Bronwyn H. Hall, and Zvi Griliches. "Econometric models for count data with
an application to the patents—R&D relationship." Econometrica: Journal of the Econometric Society
(1984): 909-938.

Examples

## RENB Model
data("washington_roads")
washington_roads$AADTover10k <-
ifelse(washington_roads$AADT > 10000, 1, @) # create a dummy variable
renb.mod <- renb(Animal ~ lnaadt + speed5@ + ShouldWidth@4 + AADTover10k,
data=washington_roads,
offset = "lnlength”,
group_var="ID",
method="nm",
max.iters = 1000)
summary (renb.mod)

repois Estimate a Random Effects Poisson Panel Model

Description

Estimate a random effects Poisson panel model for clustered count data. The model is also known
as a negative multinomial model.

Usage

repois(
formula,
group_var,
data,
method = "NM",
max.iters = 1000,
print.level = 0,
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bootstraps = NULL,
offset = NULL

)
Arguments
formula an R formula.
group_var the grouping variable(s) for the random effects (e.g., individual ID or other panel
ID variables).
data a dataframe that has all of the variables in the formula.
method a method to use for optimization in the maximum likelihood estimation. For
options, see maxLik.
max.iters the maximum number of iterations to allow the optimization method to perform.
print.level integer specifying the verbosity of output during optimization.
bootstraps optional integer specifying the number of bootstrap samples to be used for esti-
mating standard errors. If not specified, no bootstrapping is performed.
offset an optional offset term provided as a string.
Details

This function estimates a random effects Poisson panel model. The likelihood is integrated analyti-
cally over a gamma-distributed cluster effect with mean 1 and variance alpha. The model estimates
the regression coefficients and one heterogeneity parameter 1n(alpha).

The PMF of this distribution is:

F(i)ntytt' azt,uit+1 O‘Zt,ufit‘i’l

Value
An object of class countreg which is a list with the following components:

* model: the fitted model object.
¢ data: the data frame used to fit the model.
e call: the matched call.

e formula: the formula used to fit the model.

Examples

## RE Poisson Panel Model

data("washington_roads")

washington_roads$AADTover10k <-
ifelse(washington_roads$AADT > 10000, 1, 0)

repois.mod <- repois(
Animal ~ lnaadt + speed50 + ShouldWidth@4 + AADTover1ok,
data = washington_roads,
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offset = "lnlength”,
group_var = "ID",
method = "BFGS",
max.iters = 1000

)

summary (repois.mod)

rmse Calculate Root Mean Squared Error (RMSE)

Description
This function calculates the Root Mean Squared Error (RMSE) between observed and predicted
values.

Usage

rmse(y, mu)

Arguments
y Numeric vector representing the observed values.
mu Numeric vector representing the predicted values.
Details

The RMSE is calculated using the formula:

RMSE =

Where y is the vector of observed values and p is the vector of predicted values.

Value

Numeric value representing the RMSE.

Examples

y <= c(1, 2, 3)
mu <- c(1.1, 1.9, 3.2)
rmse(y, mu)
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SichelDistribution Sichel Distribution

Description

Density, distribution function, quantile function, and random generation for the Sichel distribution.

Usage

dsichel(x, mu = 1, sigma = 1, gamma = 1, log = FALSE)

psichel(q, mu = 1, sigma = 1, gamma = 1, lower.tail = TRUE, log.p

FALSE)
gsichel(p, mu = 1, sigma = 1, gamma = 1, lower.tail = TRUE, log.p = FALSE)

rsichel(n, mu = 1, sigma = 1, gamma = 1)

Arguments
X numeric value or vector of non-negative integer values.
mu numeric; mean of the distribution (mu > 0).
sigma numeric; scale parameter (sigma > 0).
gamma numeric; shape parameter (can be any real number).
log, log.p logical; if TRUE, probabilities are given as log(p).
q quantile or vector of quantiles.
lower.tail logical; if TRUE, probabilities are P[X <= x].
p probability or vector of probabilities.
n number of random values to generate.

Details

The Sichel distribution is a three-parameter discrete distribution that generalizes the Poisson-inverse
Gaussian distribution. It is useful for modeling overdispersed count data.

The PMF is:
(,U/C)yKy-i-'y (@)
K, (1/0)y (ac)r

fylp,o,7) =

Value

dsichel gives the density, psichel gives the distribution function, gsichel gives the quantile function,
and rsichel generates random deviates.

The length of the result is determined by n for rsichel, and is the maximum of the lengths of the
numerical arguments for the other functions.
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References

Rigby, R. A., Stasinopoulos, D. M., & Akantziliotou, C. (2008). A framework for modelling
overdispersed count data, including the Poisson-shifted generalized inverse Gaussian distribution.
Computational Statistics & Data Analysis, 53(2), 381-393.

Examples

# Basic usage
dsichel(@:10, mu = 5, sigma = 1, gamma = -0.5)

# Log-probabilities for numerical stability
dsichel(@:10, mu = 5, sigma = 1, gamma = -0.5, log = TRUE)

# CDF
psichel(5, mu = 5, sigma = 1, gamma = -0.5)

summary.flexCountReg  Custom summary method for flexCountReg models

Description

Custom summary method for flexCountReg models

Usage
## S3 method for class 'flexCountReg'
summary (object, ...)

Arguments
object A flexCountReg model object.

Optional parameters that include confint_level and digits.

Details

This summary method accounts for bootstrapped or robust standard errors (when used).

Value

Prints the model formula, method used for estimation, number of iterations used, if the model
converged, and the log-likelihood. Then, it prints a table containing parameter estimates, standard
errors, t-statistics, p-values, and confidence intervals. Also quietly returns a tibble with these values.

Note

Optional parameter confint_level: A numeric value between 0 and 1 indicating the confidence
level for confidence intervals. Default is 0.95.

Optional parameter digits: Number of digits (decimal places) to round to. Default is 3.
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Examples

# NB2 Model

data("washington_roads")

washington_roads$AADT10kplus <- ifelse(washington_roads$AADT > 10000, 1, 0)

nb2 <- countreg(Total_crashes ~ lnaadt + lnlength + speed50 + AADT1@kplus,
data = washington_roads, family = "NB2",

dis_param_formula_1 = ~ speed50, method='BFGS"')
summary (nb2)
tidy.flexCountReg Tidy a flexCountReg object
Description

Tidy a flexCountReg object

Usage
## S3 method for class 'flexCountReg'
tidy(x, ...)
Arguments
X An object of class flexCountReg
Additional arguments
Value

A tibble object with columns: term, estimate

Triangular Triangle Distribution

Description

These functions provide density, distribution function, quantile function, and random number gen-
eration for the Triangle Distribution, specified by its mean, standard deviation, and optional lower
and upper bounds.
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Usage

dtri(x, mode = @, sigma = 1, upper = NA, lower = NA, log = FALSE)

ptri(
q,
mode = 0,
sigma = 1,
upper = NA,
lower = NA,
lower.tail = TRUE,
log.p = FALSE
)

qtrl(p, mode 0, sigma = 1, upper = NA, lower = NA)

rtri(n, mode = @, sigma = 1, upper = NA, lower = NA)

Arguments
X numeric value or a vector of values.
mode numeric value or vector of mode values for the distribution.
sigma single value or vector indicating both the positive and negative max differences
from the mean (if the difference is the same).
upper single value or vector for the upper limit of the distribution (must be used with
lower).
lower single value or vector for the lower limit of the distribution (must be used with
upper).
log logical; if TRUE, probabilities p are given as log(p).
q quantile or a vector of quantiles.
lower.tail logical; if TRUE, probabilities p are P[X < z] otherwise, P[X > z].
log.p logical; if TRUE, probabilities p are given as log(p).
p probability or a vector of probabilities.
n the number of random numbers to generate.
Details

The Triangle Distribution is defined by three points: a (minimum), b (maximum), and ¢ (mode),
where the density is zero outside the interval [a, b], increases linearly from a to c, and decreases
linearly from c to b.

dtri computes the density (PDF) of the Triangle Distribution.
ptri computes the CDF of the Triangle Distribution.
gtri computes the quantile function of the Triangle Distribution.

rtri generates random numbers from the Triangle Distribution.
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The mode and standard deviation parameters define the distribution’s location and scale, respec-
tively, while the lower and upper bounds explicitly set the minimum and maximum values of the
distribution.

Value

dtri gives the density, ptri gives the distribution function, qtri gives the quantile function, and rtri
generates random deviates.

The length of the result is determined by n for rtri, and is the maximum of the lengths of the
numerical arguments for the other functions.

The numerical arguments other than n are recycled to the length of the result. Only the first elements
of the logical arguments are used.

Examples

dtri(4, mode=8, upper=13, lower=1)

ptri(c(o, 1, 2, 3, 5, 7, 9, 10), mode = 3, upper=9, lower = 1)
gtri(c(o0.1, 0.3, 0.5, 0.9, 0.95), mode = 3, upper = 9, lower = 1)
rtri(30, mode = 5, sigma = 3)

washington_roads Washington Road Crashes

Description

Crashes on Washington primary roads from 2016, 2017, and 2018. Data acquired from Washington
Department of Transportation through the Highway Safety Information System (HSIS).

Usage

washington_roads

Format

Data frame compiled from roadway, traffic, and police-reported crash data that has 1,501 rows and
13 columns:

ID Anonymized road ID. Factor.

Year Year. Integer.

AADT Annual Average Daily Traffic (AADT). Double.

Length Segment length in miles. Double.

Total_crashes Total crashes. Integer.

Inaadt Natural logarithm of AADT. Double.

Inlength Natural logarithm of length in miles. Double.

speed50 Indicator of whether the speed limit is 50 mph or greater. Binary.
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ShouldWidth04 Indicator of whether the shoulder is 4 feet or wider. Binary.
Fatal_crashes Total number of non-intersection fatal crashes for the road segment
Injury_crashes Total number of non-intersection Injury crashes for the road segment
Animal Total number of non-intersection animal-related crashes for the road segment

Rollover Total number of non-intersection rollover crashes for the road segment

Source

https://highways.dot.gov/research/safety/hsis


https://highways.dot.gov/research/safety/hsis
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