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Generalized Linear Models (GLMs) offer a flexible framework for mod-
eling a diverse range of response variables by linking them to covariates
through suitable link functions and probability distributions. However,
their performance is contingent upon correctly specifying the underlying
distribution, especially when dealing with bounded or non-standard data
structures. In particular, data sets restricted to the unit interval (0, 1)
often mecessitate the use of unit distributions to effectively capture and
model meaningful variability within this bounded range. A common chal-
lenge arises when such datasets exhibit an overabundance of boundary
values, specifically zeros and ones that conventional models are poorly
equipped to handle. This research fundamentally seeks to develop and ad-
vance statistical modeling techniques within the framework of Generalized
Linear Models (GLMs) to enhance the analysis of complex datasets that
exhibit an abundance of boundary values (zeros and ones) or categorical
interdependencies. To achieve this, the study proposes an extended hur-
dle model based on unit distributions that simultaneously accommodates

excessitve boundary values, thereby improving model fit and predictive
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accuracy. In addition, a multinomial log-linear model is constructed to
examine passive smoking exposure among people aged 10 and older in
Saudi Arabia. This model investigates the associations between exposure
and wvartous soctodemographic factors, including place of exposure, age
group, sex, and administrative region. By interpreting the resulting odds
ratios, the study provides critical information on passive smoking pat-
terns and supports the design of targeted public health interventions and
policies. The results underscore the need for targeted interventions in
high-risk settings and demographics, aligning with Vision 2030’s goals

for improving health.
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CHAPTER 1

INTRODUCTION

1.1 Background

Ordinary Least Squares (OLS) regression is used to model the connection between one
or more quantitative independent variables and a dependent variable. The method re-
duces the total squared errors to determine which line best fits the observation. In an
ordinary least squares model, the observed variable, y, is defined as a linear function of
independent variables x, reflecting a direct linear relationship. This relationship can
often be visualized as a straight line. Additionally, the response variable’s erroneous
distribution should preferably be normal to support the model linearity assumption.
Linear regression is unsuitable if no linear relationship exists between x and y. For
example, a nonlinear relationship manifests itself if y increases exponentially as z in-
creases. When applied to this type of relationship, a basic linear regression model
may fail to satisfy certain fundamental assumptions of linear regression, particularly
homoscedasticity. The assumption that the variability of errors in y stays fixed in any

number of x is known as homoscedasticity. Our model will be affected in several ways



if this assumption is broken. Furthermore, linear regression is designed for continuous
response variables y, assuming that y follows a normal distribution. Applying linear
regression to a binary response variable can lead to unrealistic predictions, such as neg-
ative values, because the model inherently expects y to be continuous and distributed
normally.
A generalized linear model (GLM) offers a more suitable approach [1]. GLMs allow
flexibility beyond linear regression, especially when the response variable y is not
normally distributed. By introducing a link function, GLMs enable a relationship
between predictors and response, even when the underlying association is not strictly
linear. Unlike linear regression, GLMs can accommodate various distributions for
the response variable, including gamma, inverse-Gaussian, Poisson, standard, and
binomial. This adaptability makes GLMs versatile for creating regression models that
generalize across different contexts [1].
GLM, or the generalized linear model, is a framework that extends linear models to
handle a broader range of response variable distributions. As noted above, in tradi-
tional linear regression, the dependent variable y is assumed to be normally distributed
with variance 72 and mean « in the model. Nonnormal distributions can be included
in the exponential family of distributions, incorporating the dependent variable y in
GLM. Three fundamental components define the structure of a GLM:

1. Random Component: Identifies the distribution of the response variable vy,
which may include normal, binomial, Poisson distributions, etc.

2. Systematic Component: Defines the explanatory variables and their coeffi-

cients combined to form a linear predictor. This linear predictor is often represented as



1n = X[, where 7 is a linear explanatory matrix, and [ represents unknown parameters
[2].

3. Link Function: Establishes a relationship between the mean of the de-
pendent variable y and the explanatory n by using a specific link function (e.g.,
log, logit, or identity). This link function explains the relationship between the
explanatory factors and the estimated value of y [3]. These elements work together

to provide GLMs the flexibility of a linear predictor while modeling various data types.

1.1.1 Multinomial Log-linear Model

The multinomial log-linear model is a statistical approach to analyzing the rela-
tionships between categorical variables, often represented in contingency tables.
These models provide a framework for understanding the interactions between
variables by modeling the natural logarithm of expected cell counts as a function
of explanatory parameters. Initially developed within contingency table analysis,
the multinomial log-linear model has become a foundational tool in categorical
data analysis because it can reveal complex interactions and dependencies between
variables [4]. A key feature of the multinomial log-linear model is its flexibility in
modeling categorical data using the exponential family of distributions. It assumes
that the response variables follow a multinomial distribution, where the probabilities
for each category are modeled as functions of the independent variables. The
model includes main effects, which represent the impact of individual variables,

and interaction terms, which capture the combined influence of two or more



variables. This ability to analyze direct effects and interactions makes the multi-
nomial log-linear model particularly valuable in fields such as epidemiology, social

sciences, and public health, where understanding complex relationships is essential [5].

1.1.2 Hurdle Model

The hurdle model has emerged as a robust statistical framework for addressing
datasets with an overabundance of zero-and-one datasets. The hurdle model is a
two-part statistical model designed to analyze count data with an excess of zeros,
distinguishing between zero and non-zero outcomes through separate modeling pro-
cesses [6]. Unlike standard Poisson or negative binomial models, which assume that
all observations arise from the same underlying process, the hurdle model separates
the mechanisms generating zero and positive counts, improving flexibility and inter-
pretability in zero-inflated datasets. Hurdle models are particularly effective when
excess zeros arise due to distinct behavioral or structural mechanisms rather than
random variation [6]. Hurdle models can handle zero deflation(fewer zeros than ex-
pected by the data-generating process) [7]. In epidemiology, for example, they are
used to model disease occurrences where many individuals may not show symptoms
(zero cases). In contrast, others show varying levels of severity (positive counts) [8].
In medical studies, hurdle models have been applied to analyze hospital visit counts,
medication adherence, and disease prevalence, where many individuals might never
require medical care (structural zeros). In contrast, others might require multiple

visits (positive counts) [9].



One notable example is the study of breast cancer patients, where a substantial propor-
tion of individuals exhibit zero lymph node involvement, requiring a separate modeling
approach to distinguish between those with and without metastatic progression [8].
Hurdle models are frequently used in passive smoking exposure studies, where many
individuals may report no exposure while others experience varying levels of exposure
in workplaces, public areas, and homes. Standard count models often fail to cap-
ture this pattern due to excessive zero observations, making the hurdle model more
suitable for exposure assessment [10]. In economic applications, hurdle models are
widely utilized to analyze consumer purchasing behaviors, where many people choose
not to purchase a product (zero purchases). In contrast, others buy varying amounts
(positive purchases). Similarly, they are used in criminal justice studies, where some
individuals never engage in criminal activities (zero events), while others have repeat
offenses [11]. Hurdle models are also effective in modeling vehicle accident frequencies,
where most drivers have zero accidents, while others may have multiple incidents.

The hurdle model provides more accurate risk predictions by separating the zero-event
and count processes [12]. In the hurdle Poisson (HP) model, the positive count process
follows a truncated Poisson distribution, which means that only observations greater
than zero are modeled in the second stage [6][12]. When there is overdispersion, where
the variance of the data exceeds the mean, the hurdle negative binomial (HNB) model
is used, employing a truncated negative binomial distribution to model positive counts

[11]. The hurdle model consists of two key components:

o Zero-Inflation Process — The first stage models the probability of observing



zero counts using a binary regression model, such as logistic or probit regression.
This component determines whether an observation falls into the "zero” category
by estimating the likelihood of a structural zero, which arises due to fundamental

constraints rather than random sampling [10].

e Positive Count Process — The second stage models nonzero counts using a
truncated count distribution (e.g., Poisson or hostile binomial) that excludes
zeros from the estimation. This step captures the variation in positive counts
while accounting for overdispersion and underdispersion, which are common in

real-world applications [11].

Traditional regression models often struggle with these datasets because the excessive
zeros and ones violate the underlying assumptions about the distribution of the re-
sponse variable. Developed as an extension of generalized linear models (GLMs), the
hurdle model is particularly effective for separating binary and continuous data com-
ponents, allowing a nuanced analysis of each segment independently [5]. By offering
a two-part modeling framework, the hurdle model improves predictive accuracy and
enhances the interpretability of results in data structures with unique features. The
hurdle model splits the response variable into two stages at its core. The first stage,
the binary hurdle component, models the probability of the response being zero or
one, typically using a binomial distribution with a logit or probit link function [4].
This stage captures the overrepresentation of extreme values and addresses their im-
pact on the overall dataset. The second stage focuses on continuous or discrete data

beyond the hurdle, applying a truncated distribution such as Poisson or a negative bi-



nomial for nonbinary outcomes [13]. This two-part framework ensures that the binary
and non-binary components are adequately accounted for, providing a comprehensive

approach to modeling complex datasets.

1.1.3 Passive Smoking

Smoking remains a leading global cause of preventable morbidity and mortality, and
tobacco is responsible for the deaths of half of its long-term users. Globally, more than
eight million deaths occur annually due to tobacco use, including 1.2 million deaths
from second-hand smoke exposure [14]. Despite extensive awareness campaigns, about
1.3 billion people worldwide continue to use tobacco products, with significant health
and economic implications. In Saudi Arabia, the prevalence of smoking among adults
increased from 12.2 % in 2013 to 21.4% in 2018, and many smokers consumed an
average of 15 cigarettes a day [15]. This trend highlights the growing need for robust
tobacco control measures. Smoking-related diseases are responsible for the deaths of
five million people annually, with developing countries disproportionately affected.
Alarmingly, 6.4 million children under the age of 18 are projected to die prematurely
in adulthood due to initiating smoking during adolescence [16]. The economic burden
of tobacco is equally severe, costing the United States $167 billion annually and ap-
proximately $160 million in tobacco purchases in Saudi Arabia each year [17]. Despite
widespread awareness of its harmful effects, nicotine dependence continues to drive
smoking habits. In Saudi Arabia, the cultural and religious context has played a role
in antismoking measures, with King Abdulaziz declaring smoking unlIslamic in 1926

[18]. These findings underscore the urgent need for more substantial tobacco control

7



initiatives worldwide and within Saudi Arabia.

Tobacco use is an essential contributor to noncommunicable diseases, including can-
cers, cardiovascular diseases, and chronic respiratory disorders such as chronic ob-
structive pulmonary disease (COPD). In 2018 alone, Saudi Arabia recorded more
than 24,485 new cancer cases and 10,518 cancer-related deaths, with smoking as a
significant factor [19]. Secondhand smoke (SHS), or environmental tobacco smoke, is
particularly harmful, containing more than 7,000 chemicals, of which 70 are carcino-
genic [20]. SHS increases the risk of coronary heart disease, stroke, and lung cancer by
20-30 % in non-smokers and is linked to sudden infant death syndrome in infants ex-
posed post-birth [21]. These findings emphasize the far-reaching health consequences
of tobacco use and passive smoking. In Saudi Arabia, passive smoking remains a
critical problem, with 17.2% of the population exposed at home and 14.8% at work
[22]. Children, in particular, are vulnerable to second-hand smoke due to their devel-
oping immune systems and face higher risks of respiratory diseases such as asthma
and wheezing [23]. Alarmingly, more than one-third of university students in Saudi
Arabia smoke, 36% starting the habit between the ages of 10 and 15. Parental smok-
ing significantly impacts children’s health, further underscoring the need for targeted
interventions and widespread education about the dangers of secondhand smoke.
Saudi Arabia has implemented several tobacco control initiatives in alignment with
the World Health Organization’s Framework Convention on Tobacco Control (FCTC),
ratified in 2005. Key measures include banning smoking in public spaces, introducing
excise taxes on tobacco products, and launching antismoking campaigns [24]. The

WHO MPOWER framework, adopted in 2008, has further strengthened the country’s



tobacco control efforts, focusing on monitoring tobacco use, protecting non-smokers,
and offering help to quit tobacco use. However, despite these initiatives, the grow-
ing prevalence of smoking highlights the gaps in enforcement and the need for more
comprehensive strategies. In conclusion, smoking and passive smoking pose signifi-
cant public health and economic challenges, both globally and in Saudi Arabia. The
increasing prevalence of tobacco use, coupled with its associated health risks and
financial burden, requires increased efforts in tobacco control. By prioritizing educa-
tion, stricter regulation, and support for quitting smoking, Saudi Arabia can address
the tobacco epidemic more effectively, improving health outcomes and reducing the

economic impact of smoking-related diseases.

1.2 Problem Statement

Having established the components of GLMs and the benefits of using the exponential
family of distributions, let us now connect this to the problem at hand. Specifically,
our objective is to apply the GLM framework to analyze the population (aged 10 years
and older) exposed to passive smoking, classified by place of exposure and age group

within the Kingdom.

1.2.1 Passive Smoking and Health Risks

Passive smoking, or secondhand smoke exposure, occurs when non-smokers inhale to-
bacco smoke from the environment. It is associated with various health risks, including

respiratory diseases, cardiovascular problems, and an increased likelihood of cancer.



In Saudi Arabia, cultural norms and the prevalence of indoor smoking contribute to
increased exposure, especially among children and non-smoking adults.
To assess the health impacts of passive smoking, accurate statistical models are nec-

essary. Ignoring the effects of passive smoking can lead to:

e Underestimated Health Risks: Failing to account for exposure can obscure

the true relationship between smoking and adverse health outcomes.

o Misleading Policy Guidance: Public health policies may be ineffective based

on incomplete or biased analysis.

o Inefficient Interventions: Targeted measures may be less effective if high-risk

populations are not correctly identified.

In many real-world datasets, an excessive number of zeros and ones presents a signifi-
cant challenge for standard probability models, which often struggle to represent such
data distributions accurately. Although hurdle models have been widely utilized to
address the issue of excess zeros, there has been relatively little research on extending
these models to accommodate an overabundance of both zeros and ones simultane-
ously. This gap in statistical modeling constrains the applicability and predictive
accuracy of existing approaches, particularly in disciplines such as epidemiology, fi-
nance, and social sciences, where such data structures are commonly observed. This
study aims to enhance the adaptability of hurdle models by introducing refined pa-
rameterizations that enable a more precise representation of datasets characterized by
an excess of both zeros and ones. The proposed model seeks to improve the flexibil-
ity and robustness of hurdle modeling techniques by addressing this methodological
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limitation, contributing to more accurate and reliable statistical inference in diverse

applied research settings.

1.3 Main Goals and Objectives of this Thesis

This study aims to develop advanced statistical models for analyzing and interpreting
complex data structures, particularly data sets characterized by excess zeros and ones
or categorical dependencies, within the Generalized Linear Models (GLMs) framework.
Specifically, it focuses on improving the hurdle and multinomial log-linear models to
enhance their applicability in real-world contexts, particularly emphasizing passive
smoking exposure in Saudi Arabia. By introducing innovative parameterizations and
integrating robust statistical methodologies, such as bootstrapping and sensitivity
analysis, this research seeks to enhance the accuracy, interpretability, and reliability of
models dealing with zero-inflated and categorical data. The proposed methodological
advances aim to provide more precise statistical inference, supporting evidence-based
public health policies and decision-making. Furthermore, the study will explore the
interaction effects between demographic and geographic factors on passive smoking
exposure, contributing to a better understanding of public health risks and informing
targeted intervention strategies.

The following are the objectives of this research proposal.

» Review the theoretical foundations of Generalized Linear Models (GLMs), fo-
cusing on the exponential family of distributions, link functions, and canonical

links, emphasizing applications for both count and continuous data.
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e To propose a multinomial log-linear model to estimate the probability distri-
bution of passive smoking exposure across different places of exposure and age

groups within the Kingdom.

o Analyze the interaction effects between demographic and geographic covariates
on the probability of passive smoking exposure in varying settings and interpret

the odds ratios for these interaction terms.

e Develop a hurdle model that accounts for excess zeros and ones in real datasets.

1.4 Significance of the Studies

This study is of substantial significance as, to our knowledge, it is the first to analyze
passive smoking exposure in Saudi Arabia using advanced statistical models within
the Generalized Linear Model (GLM) framework. Although existing research on pas-
sive smoking predominantly focuses on its health consequences, this study takes a
novel approach employing hurdle and multinomial log-linear models to examine intri-
cate exposure patterns across demographic and geographic variables. Its contribution
lies in the innovative application of statistical methodologies to datasets character-
ized by excess zeros and categorical dependencies, addressing a gap often overlooked
in traditional statistical analyses. In addition, this study provides a comprehensive
understanding of passive smoking exposure within a region where indoor smoking and
cultural norms contribute significantly to the prevalence of secondhand smoke. By
shifting the focus to non-oil-related public health challenges, the research aligns with
Saudi Arabia’s Vision 2030, which prioritizes economic diversification and improved

12



quality of life. Integrating a multinomial log-linear model enables examining interac-
tion effects among factors such as age, gender, place of exposure, and administrative
regions. This approach extends beyond simple prevalence statistics, offering infor-
mation that facilitates targeted interventions and the development of more effective
public health policies.

Furthermore, the refinement of the hurdle model in this study addresses a critical gap
in the literature by accurately modeling data sets with excess zeros and ones. The
methodological advances introduced are relevant to public health research and extend
to other fields dealing with complex data structures. By incorporating robust statis-
tical techniques such as bootstrapping and sensitivity analysis, the study ensures the
stability, reliability, and replicability of its findings, setting a benchmark for future
research in this domain. The insights derived from this study are expected to ben-
efit various stakeholders, including public health officials, policymakers, researchers,
and statisticians. The findings can inform resource allocation, policy formulation, and
public awareness campaigns to mitigate passive smoking exposure. Furthermore, ap-
plying advanced computational tools and statistical software, such as R, enhances the
accessibility and adaptability of the methodology, facilitating its replication in other
contexts. As a result, this study contributes to advancing the statistical modeling of

public health research and policy development on a broader scale.

1.5 Layout of the Research

The steps of this study are described below. The first chapter provides an introduc-
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tion, background study, and the aims and objectives of the study. It highlights the
importance of Generalized Linear Models (GLMs) in statistical analysis. It presents
the research problem, emphasizing the challenges of handling datasets with excess
zeros and ones and categorical dependencies. The chapter also outlines the scope
and significance of the study. Chapter 2 presents the application of the generalized
linear model, focusing on the theoretical foundations of GLMs, including the exponen-
tial family of distributions, link functions, and canonical links. The review explores
existing models and their limitations in dealing with datasets that exhibit unique
characteristics. Chapter 3 also introduces the multinomial log-linear model to analyze
categorical data, emphasizing the interaction effects between demographic and geo-
graphic covariates and passive smoking exposure in Saudi Arabia. Using data analysis
techniques implemented in R, the chapter evaluates the models’ performance, inter-
prets the interaction effects, and provides insights into patterns of passive smoking.
Robustness checks, including bootstrapping and sensitivity analysis, are performed
to validate the stability of the findings: statistical modeling and public health. The
chapter discusses the implications of these findings and suggests potential areas for
future research, particularly to advance GLMs and their applications in various fields.
In Chapter 4, the hurdle model is developed to address the issue of excess zeros and
ones in real-world datasets. The mathematical formulation of the model is presented
along with its properties. Chapter 4 delves into applying the developed models to a

real-world problem.
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CHAPTER 2

GENERALIZED LINEAR

MODEL

2.1 Introduction

In a traditional linear model, the expected value of y given x is expressed as a linear
function of the parameters. The expected value of y given X is equal to a linear
combination of x with coefficients 3, and the variance of y given x is proportional to
the identity matrix. When these assumptions are not met, transformations can be
applied to align y with the properties of the linear model. However, finding a single
transformation that simultaneously achieves a linearized mean and constant variance
is often tricky. If y takes values within a limited range (e.g. binary result such as 0
or 1), modeling the expected value of y given x, which is the average or mean value
of y conditional on the predictor variable(s) z as a linear function, can violate the
natural constraints of the data. GLMs extend the linear model framework to address

these limitations. They allow for a flexible relationship between predictors and the
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response variable, making them suitable for data where the assumptions of linear
models fail [25]. [26] established that a fundamental premise underlying the definition
of generalized linear models is the requirement that the actual probability density
of the response variable aligns with a particular distribution within the exponential
family:.

Generalized linear models (GLMs) were developed to extend traditional linear regres-
sion models to accommodate response variables that do not necessarily follow a normal
distribution. Classical linear models assume that the response variable Y; is normally
distributed, with the expected value E(Y;) modeled as a linear function of predictors,
E(Y;) = u; = 27 8. However, GLMs relax these assumptions, allowing the modeling
of various response variables, such as counts, binary outcomes, and proportions, using
appropriate distributions such as Poisson, binomial, and gamma [27]. [28] articu-
lated that Generalized Linear Models (GLMs) serve as a highly adaptable framework
for modeling the relationship between a dependent variable (response) and one or
more independent variables (predictors). These models are widely used in insurance
ratemaking to forecast critical metrics such as claim frequency, claim severity, pure
premium, and loss ratio. Furthermore, GLMs have proven instrumental in estimating
probabilities associated with binary events, including policy renewals and detecting
fraudulent claims. Their versatility lies in accommodating various data distributions
and link functions, making them indispensable tools for complex predictive modeling
in actuarial and financial applications. [28] explained that predictors in Generalized
Linear Models (GLMs) can be continuous or categorical in nature. Continuous vari-

ables are incorporated directly into the model, while categorical variables are encoded
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into indicator (dummy) variables, with one level designated as the reference or base
level. The choice of the base level is pivotal as it directly influences the interpretability
of model coefficients and the validity of statistical significance testing. Proper selec-
tion ensures meaningful comparisons across categories and accurate inference on the
effects of categorical predictors on the response variable. [2]highlights the extensive
use of GLM in all disciplines due to their adaptability and versatility. In binary out-
come studies, [28] explains that logistic regression, a GLM with a logit link function,
is applied to model the probability of success.

Similarly, [27]emphasizes the utility of Poisson regression for count data, such as mod-
eling traffic accident frequencies at intersections or tracking disease incidence rates in
populations. For example, [27] demonstrates the value of GLM in demographic stud-
ies, which model mortality rates as a function of age and environmental factors. [28]
underscores the advanced features of GLMs, such as weights and offsets, which enhance
their functionality. Weights allow for differential treatment of records, ensuring that
data representing larger aggregates or more significant risks exert a proportional in-
fluence on model estimation. Offsets enable the inclusion of fixed components, such as
predetermined rating factors, without estimating their coefficients, thereby maintain-
ing computational efficiency and interpretability. However, [28] also notes that GLMs
face limitations, such as challenges in handling multicollinearity between predictors
or capturing non-linear relationships between predictors and the response variable.
Addressing these issues often requires advanced techniques or extensions to GLMs
specifically designed to mitigate such constraints. [28] introduced the concept that

each error structure within a generalized linear model is inherently associated with
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a canonical link function, which facilitates the analytical resolution of GLM by sim-
plifying the underlying mathematical computations. Furthermore, [28] emphasized
that a valid link function must meet the essential conditions of being differentiable
and monotonic, ensuring a coherent relationship between the linear predictor and the
response variable.

[25] establishes that the least squares estimator, a standard tool in ordinary linear re-
gression, also serves as the maximum-likelihood estimator when the error terms adhere
to a normal distribution. Extending this principle, [25] explains that if the distribu-
tion of y belongs to the exponential family, it becomes feasible to derive maximum-
likelihood estimates for the coefficients within a Generalized Linear Model (GLM).
Although a numerical approximation is necessary for this estimation process, [25]
notes that each iterative step can be reformulated as a weighted least squares prob-
lem. The weights are dynamically updated at each iteration, allowing the likelihood
function to be optimized through the method known as [lteratively Reweighted Least
Squares (IRLS). [27] asserts that similar to the linear model framework, certain as-
sumptions must be satisfied when calculating a p-value using the Generalized Linear
Model (GLM) approach. Violating these assumptions can compromise the model’s
validity by introducing biased standard errors, yielding unreliable p-values. However,
[27] highlights an ongoing debate in the literature on the key assumptions that underlie
GLMs and the appropriate diagnostic checks and decision-making processes required
for their analysis. The calculation of Type I error (p-value) in GLMs is based on im-
provements in model fit, which are typically assessed using the chi-square distribution.

As [27] explains, this distribution is based on assumptions of homogeneity, normality,
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and independence of residuals, with deviations centered on zero. These assumptions
are widely regarded as fundamental to the validity of GLM analyses. Although there
is a broad consensus on the necessity of satisfying the homogeneity and independence
of residuals, studies [27][29][30][5] note that meeting the assumption of independent
is particularly challenging in practical applications. This underscores the importance
of careful diagnostic testing and methodological rigor to ensure reliable results when
employing GLM methodologies.

[5] identified the Poisson distribution as the most fundamental choice for modeling
count data, positioning the Poisson regression model as a specific instance within the
generalized linear model (GLM) framework. The variance of the Poisson model is
equivalent to the mean, resulting in a fixed dispersion parameter (6) set to 1. Conse-
quently, the variance function is expressed as V(u) = p, reflecting this relationship.
McCullagh and Nelder [29] propose that the Poisson distribution serves as the stan-
dard reference for modeling count data, analogous to how the normal distribution is
regarded as the fundamental model for continuous data. John (2016) [31] highlighted
that, for count data, the conditional variance of the response variable often exceeds its
mean, a phenomenon termed overdispersion, which renders the Poisson distribution
inadequate in such cases. This issue arises because the Poisson model assumes equality
between mean and variance, implying a constant event rate and uniform probability
throughout the observation period. However, real-world data frequently deviate from
these assumptions, leading to heterogeneity and overdispersion, where the variance
exceeds the mean. Moreover, an excess of zero observations, a common occurrence in

many datasets, further challenges the applicability of the Poisson model.
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[32] proposes various solutions to address the limitations of the Poisson distribution,
particularly in cases of overdispersion. The negative binomial regression model is a
widely used alternative, effectively managing overdispersion by adjusting standard
errors and parameter estimates. The standard Poisson-based generalized linear model
(GLM), which typically utilizes a log-link function, can be extended to a quasi-Poisson
framework. The quasi-Poisson GLM incorporates a dispersion parameter estimated
through quasi-likelihood methods, allowing it to accommodate variability that exceeds
the assumptions of the Poisson distribution. Furthermore, despite not belonging to
the exponential family, the negative binomial model provides a robust approach for
over-dispersed count data and is estimated using maximum likelihood techniques.
Furthermore, [31] proposes that data sets containing an excess of zeros beyond what
the Poisson model can adequately explain are better modeled using the zero-inflated
Poisson regression framework. This approach divides the data-generating process
into two components: one accounts for structural zeros, while the other models the
remaining counts using a Poisson-like process. By incorporating this dual mechanism,

the model improves its ability to accurately fit and describe the data.

2.2 Component of a GLM

The generalized linear model (GLM) is a versatile statistical framework that gen-
eralizes linear regression to support various response variables. This is achieved by
integrating three fundamental components: the random component, the systematic

component, and the link function.
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2.2.1 Random Component

A random component describes the conditional distribution of the response variable,
Y;, for the ith of n independently sampled observations based on the explanatory
variables given in the model. In the original framework introduced by Nelder and
Wedderburn, it is assumed that the distribution of Y; belongs to an exponential fam-
ily of distributions, such as the Gaussian (standard), binomial, Poisson, gamma or
inverse-Gaussian families. This describes the distribution of probabilities of the re-

sponse variable y’. The functional form of this distribution is given by

Oy — q(O)

f(ya o, (I)) = exXp p(@)

+ h(y, ®) (2.1)

where p, ¢, as well as h are significant functions, ® is known as the scale component or
dispersion, as well as © is the natural location component. In particular, the functions
q(©) and h(y, ®) determine the particular distribution within the exponential family.

In other words, the exponential family possesses some important properties, which

include:

Ely] = ¢'(0©) (2.2)

and
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Var(y) = ¢"(©)p(®) (2.3)

To prove (2.2) and (2.3), we proceed as follows:

+oo
F(y:0, D)y = 1. (2.4)

—00

Differentiating (2.4) in terms of ©,

+o0 o
— f(u: =0. 2.
| seimeady —o (2.5)

It is not difficult to see that from (2.1), log(f(y; ©, ®)) is bound to be less tasking

to differentiate:

%bg(f(y; 0,0)) = % {y@#;)(@) +h(y, ‘1))} = %q;()@)- (2.6)
Consequently, we write
% (1;0,9) = f(y; 0, @)% log(f(y;©,®)) = f(y; ©, @)%q;()@)- (2.7)
By plugging equation (2.7) into equation (2.5), leads to
/ 1O 0 3y ay -0 (25)
o P(D)
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In (2.8), we can multiply both sides by p(®) and the integral splits into two:

—00 —00

/+OO yf(y;0, @) dy — ( ” f(y; 0, 0) dy) q(©) = 0. (2.9)

Following the definition of the first moment, the initial term becomes E[Y], and the
subsequent term is just ¢'(0). Hence, E[Y] = ¢/(©) as required.

Next, (2.5) implies that

T 0f(y; 0, ®) y,@ ) [T f(y;0,9)
86/ dy—/_oo ey dy =0, (2.10)
Differentiating both sides of (2.7), we have
Pfy;0,0)  Of(y;0,0)y —¢'(O) , 7"(9)
(y—d'(9)) q"(©)
= 10, P 10,0 2.1
f(y;0,9) (D) + f(y;©, @) (D) (2.11)

Now, if we Substitute (2.11) into (2.10), we have

1 400 ) ) . q//(@) +oo ‘ -
PA(®) /oo (v =d(©)*/(5:0,2)dy ——as [ f(5:0,2)dy=0.  (212)

Therefore,

/ Oo(y —q(0))*f(y;0,®)dy = ¢"(©)p(®) : N f(y;©,®)dy. (2.13)
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Recall ¢'(©) = E[Y]. Hence, by definition, the LHS of (2.13) is Var(Y) and the RHS
is ¢"(©)p(®). This property provides a straightforward method for calculating the
average and variability in the exponential family distribution.

Let us consider a few examples to demonstrate that many distributions follow the

exponential distribution family.

1. Normal distribution

f (yfa, %) = 21 eXp{_M} (2.14)

Fy]a,r?) = (2772) 2 exp {M} (2.15)

Taking the log of equation (2.15), it yield to;

2

log f (y | o, 7%) = —%log (277%) — % (2.16)

Again, taking the exponential of equation (2.16), we get;

fy|a,7) =exp {—%log (277?) — M} (2.17)

272
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By comparing equation (2.17) with,

0 —q(0)

0:0.8) = exp { L IOy 0

Now, simplifying equation (2.17), we get

-2+ 2y —a? 1
f(y,a,TQ):eXp{ Y 27‘1@ a —§log(27r7'2)}



Var(y) = 72

The following is the canonical link function:

g(a) =1 density

Consequently, Identity serves as the canonical link function.

2. Inverse Gaussian distribution

)”2 e {10220 (218)

202y

f(y;v,7)=<

27y’

Taking the logarithm of equation (2.18), we have;

N | —

log f(y;v,7) = M] .

[log'y — log (27Ty3) — o2y

vy —2vy +v?)
202y

1 1
=5 log~y — 5 log (27ry3) —

26



1 1 vy 29vy P
=1 — —log (2my?) — —
8773 og( i ) 202y 2%y 2%y

1 1 WY
log f(y;v,7) = 5 logy — 5 log (2my°) — 55 + - — 5

Taking the exponential of equation (2.19), we get;

: _ v y_a ! 1 3
fy;v,7) —eXP{—ﬁy+;—@+§10g7—§log(2wy )}

Comparing equation (2.20) with

f(4.0,®) = exp {y@_—q(@) T h(y, @)}

p(®)
We have
Oy v,
p(P) 202
Let © = ;%

27

(2.19)
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For simplicity, we say;

Now, p(®) = —29

fly;v, ) ZeXp{p(q)) + =5~ 5(20) + 5 log

Oy — 201/2 1

fy;v,y) = exp { — — %bg (27T<I>y3)}

—20 20y

where ¢(0) = 202 p(®) = —2®, as well as h(y, P) =

The E(y) and Var(y) are;

0 2 1
Ely] = %CI(@) = %@2
1 1
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I
<
=
|

N|—=

Var(y) = p(®) z0(0) = ~20+ - (6-

)

(NI

Var(y) = O~

Recall that.

The link function is:

9lE(y)] — ©
g [@—%} .0

Therefore, the canonical link function is é, which means Reciprocal square.
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3. Gamma distribution

6—y“_16_ﬂy y, B, >0 (2.21)

fly) = T

Taking the log of equation (2.21), we have;
log f(y) = alog 5 —logT'a + (o — 1) log(y) — By (2.22)

Taking the exponential of equation (2.22), it yield to;

f(y) = exp{alog B —logTa + (a — 1)log(y) — By}

= exp{—Py + alogf + (o — 1)log(y) — log'a}

By 4 «
—= 4+ 21]o
= exp {%«gﬁ + (o — 1) log(y) — logFa}

2 —2log
= exp {% + (o — 1) log(y) — log «

Let © = p and a(®) = -1
o «

f=0a, &=1/a
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] =

| @

log B = log©® — log ®

B Oy —log® logd 1 1
f(y)—exp{ 3 + T +((I> 1)logy 1og1“(p} (2.23)

Comparing equation (2.23) it with,

£(5,0.9) = exp {3’9‘—‘](9)

log ® 1
Where ¢(0) =1log O, p(®) = —® and h(y, ®) = 08 +(

1
=% 3 1) log(y)—log F5

The mean and variance are:

0 0 1 _
E(y) = %C]( ) %log(@) “ o Ch
0? o ., @
Var(y) p(q))@q(@) 6° o
Recall that
o F gy 1
(8} 8}
1 Q
E(y) 6- 5" o}



széza
The canonical link function is:
O=a!
gla) =0

then g(a) is inverse.

Therefore, the canonical link function is the inverse function.

4. Poisson distribution

fly) = k>0 y=0,1,2,... (2.24)

Taking the log of equation (2.24), we have;

log f(y) = ylogk — k — logy! (2.25)
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Taking the exponential of equation (2.25), we have;

f(y) = exp{ylogr — xk —log(y!)}

let © = log k

Comparing equation (2.26) with

0 —q(0)

f(y,0,®) = exp {y (@) + h(y, <I>)}

Therefore,

f(y) = exp {y® — ¢ —log(y!) }
where ¢(0) = °

p(®) =1, and h(y, ) = — log(y!)

To find the mean and variance, we have

The canonical link function is:
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log(k) = ©

Therefore, log is the canonical link function of a Poisson distribution.

5. Binomial distribution

K
[k, 5, p) =Pr(Y = k) = 0 (L —p)r* (2.27)
k
Taking log of equation (2.27), we have;
K
log f(k, k, p) = log + klogp+ (k — k) log(1 — p) (2.28)
k

Taking the exponential of equation (2.28), we have;

f(k, K, p) = exp q k[log p — log(1 — p)] + rlog(1 — p) + log
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K
=exp | klog <ﬁ> + klog(1 — p) + log ( ) }
k

Comparing equation (2.29) with,

£(5,0.9) = oxp { ©

Let © = log (ﬁ)

exp(O) = P

Hence, (some algebra)

(1= p)(ezp(©)) = p
exp(©) — (exp(©))p = p
exp(©) = p + p(exp(O))

exp(©) = p (1 + exp(O))

()
P= 1y exp(O)

So,

B exp(©) 1+ exp(©) — exp(O)
1+ exp(©) 1+ exp(O)

l—p=
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Also,

rklog(l—p) = rlog ((1+ exp(@))_l) = —klog (1 + exp(O))

f(k,k,p) =exp {k@ — klog (1 + exp(©)) + log ( ) ) }
k

Where ¢(0) = klog (1 + exp(0)),p(P) = 1 and h(y, P) = log ( " )
k

The E(y) and Var(y) are:

(0) = %/ﬂlog (14 exp(O))

exp(©)
K
1+ exp(©

)~

where

~ exp(O)
1+ exp(©)

var(y) = p(®) gz0(0) = 135 (L)
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exp(©)
(1 + exp(©))”

—n (1 ffaf()@)) (1 n e:lcp@))

= kp(1l — p) as expected

Therefore, the canonical link function is expressed as follows.

r(exp(©))

1+ exp(O©) -«

That is a logit function.

Consequently, the logit function is the canonical link function in the binomial

function.
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6. Negative Binomial Distribution

y+r—1
p(Y =y) = (1—p)p" (2.30)
Y
Where r is known constant
0<y<oo
0<p<l1

Taking the log of equation (2.30), we have;

y+r—1
log f(Y =y) =log + ylog(l —p) +rlogp (2.31)

Y

Taking the exponential of equation (2.31), we have;

y+r—1
f(Y =y) =expqylog(l —p)+rlogp+log
y
let © = log(1 — p)
®=1—p
p=1—¢° (2.32)
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Taking the log of equation (2.32), we have;

logp = log (1 — 66)

y+r—1
fY =y)=exp{ Oy — (—rlog (1 — 66)) + log

Y

There fore, b(©) = —rlog (1 — €°)

a(®)=d=1
y+r—1
c(y, ®) = log
Y
The mean and variance are:
0 0 o
Ely] = %b(@) =96 (—rlog (1 —€))
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= p=1—¢°
D
By) = L2
Var(y) = a(®) 5h(©)

Let

re
1 —e®

(2.33)
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Multiply e=® on both numerator and denominator of equation (2.33), we have;

7“6@ * 67@

C 1xe© —e®xe-
1 %0-© _ 0 xo-©

_ 2.34
7= e (2.34)

ryt 1 =e"° (2.35)

Taking the log of equation (2.35), we have;

log (7“7_1 + 1) = -0
1

©=log(ry ' +1)"
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1
—1 - -
© Og(m‘lﬂ)
1
@:10g<1_)
’Y';‘Fl

1
@zlog( - 1>
By T

+ B
L T+ EW

6 = log (%)

Therefore, the Canonical link function for Negative Binomial distribution is:

6 = log (%)

2.2.2 Systematic component

[32] established that the independent variable in a Generalized Linear Model (GLM)
is defined by its systematic component. The definition of a linear mixture variables is
xj,j = 1,2,...,p. The explanatory variables, (;, are expressed by linearly combining
unidentified variables. The quantity of the explanatory variable j"" is x;; in every i
survey, as well as 7, = > x;3;,i = 1,2,...,m. The array syntax is n = X3, where n
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to be known as an array of n linear independents n = (11,72, . . . ,nn)T , B to be known
as the matrix with m parameters § = (f31, S, . .. ,52)T, and X is the (nxm) model

vector expressed as

T

Ty T - - Tim
X: pr—

T

X, Tp1t © ° Tnm

Each item represents a distinct observation and covariate in the model vector X.

2.2.3 Link function and canonical link function

[33] states that the link function, denoted g(.), serves to connect the linear predictor
7 to the expected value of the response variable E(y). This link function establishes a
nonlinear relationship between the mean of the dependent variable and the linear pre-
dictor coefficients, enabling the modeling of complex dependencies. The link function
g(.) connects the linear independents to the average response variable, which means

that

ni = gi ()
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n=x; (2.36)

This function needs to be differentiable and monotonic. Typically, every observation
uses the same connection function. The function that converts the mean to a canonical

location component of an exponential member is known as the canonical link function.

2.3 Parameter estimation in GLM

We outline the parameter estimation method within the GLM framework. Two quan-
tities need to be calculated when fitting a GLM. The dispersion component & (if
ambiguous) and the regression component array 3. The estimation of each of these

is examined one at a time in this section.

2.3.1 Estimation of the regression parameter

There are p entries in the parameter vector B3, which can be estimated using the
likelihood maximization technique. The log-likelihood value for m independent replies

Y; of equation (2.1) is given by
— 4i0i — ¢ (6,
((©;y) = ZW() + b (yi, @) (2.37)
i=1

This log-likelihood ratio should be maximized in relation to 3, the p score equations
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H(p) = 00/9 = 0 are solved for (3, where the jth element of the score vector is given

by

= a;) oy; _
aﬁj —H, = Z (V) (am),]—l,...,p (2.38)

=1

To differentiate (2.38), we employ the composite function rule
as noted by [5]. In matrix notation, the score equations are defined as

H(8) =X"Q(B)7"(B)Z(B) = 0 (2.39)

where Q(3) is an m x m diagonal matrix with elements (Ovy/0k1, ..., 0V /0ky),
7(B) is an m x m diagonal variance-covariance matrix for Y with ele-
ments {var (Y7), ...,var(Y,,)} and Z(B) is an m x 1 vector with elements
{yn —1(B), .., Ym — ym(ﬁ)}T. Notably, since these score equations are frequently
non-linear and comprise p simultaneous equations with p unknowns, a numerical ap-
proach is typically used to solve them. The scoring method is the most widely applied
method, essentially a Newton-Raphson method modification by which the predicted
value of the second derivative is substituted for the matrix of second derivatives. The

scoring method’s (¢ + 1)th iteration is provided by equation (2.1)
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— Distribution of y
[ (yi | ©;,®) = exp (yz@#;)(@» + h (ys, ‘I)))
where p;(®) = 2 linear predictor
= X0 = By + Xufi+ - + XS,

= Link functor

a; = E(y;), and g (a;) = r; = X;B (2.40)
Where g(-) is Smooth and invertible, it is the link function taking the inverse (2.40)

a; =g " (ki) =g (Xif) = [¢' (6))]

Note that ¢ is partly chosen to extend the range of a; to the actual number line.

= Variance

Var (y;) = ¢" (©:)pi(®) = V()  pi(®)

variance function

— log likelihood function = likelihood
. yi©i
[T G100 = e {31022 O 4 5000}
i=1
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= log - likelihood

Maximizing the log-likelihood In terms of 5 Using score equations

OLi _ 0L 09: Ovi Ors

Where the partial derivatives are:

1.
L _yi—¢ ()  yi—a
00;  pi(®) (@)
2.
gg; = aiﬁj[ﬂo+Xi51+---+Xi5j] _x.
3.

then, 24 = ¢ (©;) = V (a;) where ¢ (6;) is strictly increasing and invertible

' 90,
as well and;
00; 1 1
v, (24) " Vi)
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Substituting the partial derivatives into the score equations

@ﬁj N 8@Z aVZ' 3/@ (9@

Yi — 1 1

- . ) X
pi(®) V() ¢ () ’
08, 2 p®) V(e gla)
L, < Yi — &y 1 Xij
= . . 2.41
o5, " % @) @) 7 24
By definitions
1 1
Wi = 1" / 2 / 2
q" (0;) g’ (i) V(i) g ()
ei=XiB+d () (yi — i)
=& — X{f =g () (yi — )
Substituting those definitions into (2.41)
OL; 1 « Xy ,
aB;  pi(®) ; ACHYACHE () ) (242)
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The likelihood equation (normal equation) g—g? =0
J

1
pi(®)

X'W(E-XpB)=0

X'W(E—XB) =0

Properties of &;,i =1,2,...,m

E (&) = X'B,Var (&) = w; 'pi(®)

i.e.

E (&) =E{X'B+d (ai) (yi — )}
= X'B+FElg (ai) (yi — i)}
=X'B4+0

:X’@

Var (&) = Var {o'8 + ¢’ (o) (i — o)}
= Var {X'8} + Var {g' (o) (4 — )}
=0+ g (a;)* Var (y; — )
=g (@) (yi — )"
= ¢ (c:) Var ()
=g ()" " (©:) pi(®)

=g ()*V () pi(®) = w™'pi( D)
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Recall that
v
q’ (@z) g (%‘)2

Ww; =

The iteratively reweighted least squares algorithm. From equation (2.42)

aLi_ 1 Zm Xy I
98 »i(®) —q"(6:) ¢ (a;)? g (i) (yi — )
:p‘(lq))ZwiXij@i_Xz{ﬁ)a j:1,3...p

4 P

1 , B B
pi(CD)X W= Xp)=0
X'W(€—XB)=0 (2.43)

This is the equation we are trying to solve

X'W (€ — XB) =0

We know that we can write equation (2.43) as

X'WXB=XW¢ (2.44)
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Enticing to write (2.44) as

B=XWEXWX)!

Where W and ¢ depend on 3, that is, 5 € W, £ This is not the solution, but

B=XWeXWX)™!
can give us an idea of the solution for 5. The Idea is set some Initial values 8% for
[, and then repeatedly calculate

B — (X'W@WX) T X'W@WE@ 4 =0,1,2,3,---, (2.45)

until convergence. The right-hand side is the updating equation and W® is the
matrix W and €@ is the vector &. This is called the Iteratively reweighted least
squares (IRLS) algorithm. To get a better idea on how 5(® become 3+ we assume
that e(® = £®— X 3@ is the working residuals at iteration a+1 then £ = X 3@ 4¢(@

and substituting in (2.45) We have
Bt — (X' W@ X)*l XW® [XB® 4 @]

Bt = g@ 4 (X' W@ X)*l XY@ (@

Recall that we are solving %(ﬁ,fb,%) = 0 for the MLE of 8. There is already a

numerical algorithm (Newtion-Raphson) for doing so. The updating equation is given
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0L () o
gty = g — (%) gl (B9 @) a=1.2,..

We know that
g(Xn) o f(X5)

Xn+1 =X, - g, (Xn) = An f, (Xn)

platt) — gla) _ M h 2[1 (B(G) o )
9807 a8 i

92L
ap2p’

9%L; ( 0 ) (8Li) 1
= y Ay R = 1,
08;08:  \9B: ) \ 9B b

The matrix of second derivatives Consists of

82Li . 1 m i g o
9BiBk  pil(®) ;X’J 96, (wig' () (yi — o)

Using (2.42) and the product rule

m

L 0 / 1 - /o
= pi(CD) zzlxm (yz‘ - Ozi) a_ﬂk (wig (Oéz)) - m Z'lejw g (Oé)]/i_
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(2.47)
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Taking expectation, first-term varnishes since

E(y—a;)=0

E = — Xijwig' (i) 77
[aﬁjaﬁk @) 2 K (00 5

aQLi 1 “ 8041-
E|- = Xijwig' (i) 72
{ aﬂja@k] p@) 2 K (@) 55

1 m
Z wiXinik
Pil®)

Where X = ¢' (o) %

The Fisher Information matrix becomes

L(ﬁ):E{— L }: ! zm:w’.Xin: L xwx (2.50)
B0 pi(®) = " " pi(®)

The Fisher - scoring algorithm for solving %L(ﬁ, ®;y) = 0 is obtained by replacing

%8261@ in N — R algorithm with its expectation L(). That is, we are replacing the

observed information with expected fisher information. Hence, the updating equation

becomes
-1 0
(@) — g@ o 71, (3 L1 (5@ ¢ 4.
-1
1
(a+1) — gla) ( X'W(“)X) X'Ww@ (¢la) _ x gl
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BlatD = @ 4 (X' W x) X @@ 4 =0.1,2, ... (2.51)

2.4 Hypothesis Testing

2.4.1 Analysis of deviance

[27] state that when the response variables Yi,..., Yy are independent and follow a
Poisson distribution such that Y; ~ Poisson()\;), the log-likelihood function can be

formally expressed as:

)= yilogh— > A= logy,! (2.52)

In the case of a saturated model, where each J\; is distinct, the parameter vector
B =[A1,...,\y]T satisfies N = y;. Consequently, the maximum log-likelihood value

becomes:

(Bumaxiy) = Y yilogyi — Y g — ) _logy,!

For models with parameters p < N, the maximum likelihood estimate is used to
obtain parameter estimates S\i, allowing the fitted values ;. Here, E(Y;) = \;. The

log-likelihood function for this scenario is as follows:

= wiloggi— > §i— > logy;!
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The deviance is then calculated as follows:

D = 2[U(Bumax;y) — Wb )] = 2[ > wilog(yi/Gi) — D (yi — 5:)]-

In most models, it can be shown that Y y; = > ¢;. Consequently, D simplifies as

follows:

OA
D=2 ojlog| =],
S atos (%)
where o; represents the observed values y;, and e; denotes the estimated expected

values g;.

D=2 [olog (O—) — (01 — )] (2.53)

€;

However, for most models Y o; = > ¢;, the deviance simplifies to

D=2 "[o;log <Z—>]

The deviance residuals are the component of D in (2.55). The standardized residuals

d; are defined as follows:

d; = sign(o; —ei)\/Q {oilog (%) — (o —ei)}, i=1,...,N,

The deviance D can be expressed as:
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D=Y d.

The goodness-of-fit statistics X2 and D are closely linked. Using the Taylor series
expansion, we approximate the following:
1(o—e)?

0
1 (-): R G S
olog . (0 e)—i—2 . +

This leads to the following approximation from (2.55):

And simplifies to:

=% (0;—6)2 = X2, (2.54)

[27] states that statistics D and X? are widely used to measure the goodness of fit
because they are derived directly from observed data and the model. Unlike the
normal distribution, these measures do not involve nuisance parameters such as o2.
These values can be compared with the central chi-square distribution, with degrees
of freedom N — p, where p is the number of estimated parameters. The chi-square
distribution often better approximates the sampling distribution of X? compared to

D. Additionally, [27] notes that summary statistics available in some software include

the likelihood ratio chi-square statistic and pseudo-R?. These statistics compare the

56



maximum value of the log-likelihood function for a minimal model (no covariates, i.e.
w; = logn; + B1) with the maximum value of the log-likelihood function for a model

with parameters p. The likelihood ratio chi-square statistic is calculated as:

which provides an overall test of the hypothesis that g, = --- = 8, = 0, comparing
it to the central chi-squared distribution with p — 1 degrees of freedom. Pseudo-R? is

defined as:

[(b) — (bnin)

R? =
_l(bmin) ’

And offers an intuitive measure of fit. Other diagnostics, such as delta-betas and

related statistics, can also be used for Poisson models.

2.5 The Poisson Approximation to the Binomial

Distribution

The Poisson approximation to the binomial distribution is widely used in probability
and statistics, particularly when analyzing rare events. It provides a simplified ap-
proach to estimating binomial probabilities when the number of trials is large and the
likelihood of success is small [34]. This approximation is handy in epidemiological and
public health studies, where rare occurrences, such as secondary exposure to smoking,

must be effectively modeled in large populations [5]. In the context of smoking expo-
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sure in various environments (e.g. cars, coffee shops, public places, homes, and work-
places), the Poisson approximation can be an effective modeling tool. When exposure
events are infrequent but observed within a large population, the binomial distribu-
tion can become computationally challenging. Under these conditions, the Poisson
approximation provides a more tractable model to estimate the exposure probabili-
ties. In many settings, the likelihood of an individual being exposed to secondhand
smoke (SHS) in specific locations (e.g. coffee shops or public places) is relatively low.
However, when examining exposure across a large population in different geographic
areas, the total number of affected individuals in each location can be more appro-
priately modeled using a Poisson distribution rather than a binomial distribution [4].
For example, smoking exposure in public places (e.g., restaurants and parks) is often
restricted by smoking regulations. However, there are still designated smoking zones,
which leads to some level of exposure risk. In large urban settings, where many daily
visitors frequent public areas, the probability of encountering smoke exposure events
can be effectively modeled using a Poisson distribution, simplifying calculations and
providing reliable estimates for policy planning and public health interventions [35].
Using the Poisson approximation, researchers can better assess and predict smoking
exposure patterns, thereby facilitating the development of effective smoking control
policies and public health strategies.

It is not unexpected that the Poisson distribution can approximate the binomial dis-

tribution in some circumstances since it can be thought of as a particular form of the
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other. The binomial distribution approximation using the Poisson method Given:

X ~ B(n,p)

ThenX can be approximated by Y ~ Po(k) where k = np & is the mean of the Poisson
distribution.

The Poisson distribution approaches the binomial distribution more closely as the
sample size (number of trials) increases. The approximation becomes precise in the
limit as n — oco. [36] stated that the Poisson distribution approximates the binomial
more accurately when x = np is smaller when the population is not infinite. The
general rule is kK = np < 5 and n > 50. This provides a good approximation based on
experience. However, the ideas regarding what constitutes a "good approximation”
can vary depending on the situation. Because of this, different values for n, the
number of trials in the sample, are given in some texts so that the Poisson distribution
can approximate the binomial distribution. The disparate values signify the varying
degrees of proximity between the two distributions. The binomial distribution, in
which np is small, approaches the Poisson as n grows larger and greater. The two are
so similar at some point that the differences are insignificant. However, some theorists
are more circumspect than others on the required approximation degree. That is why

the cited values differ.

n n!

P(X =k} = (k)pk<1 P (2.55)
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We can make this look like a Poisson by letting x = np so that

n! & —k n! K K\ k
" Rl (12
i —m? L p) k!(n—k)!nk< n)

_KP (1 n)n (1 /i)k (n) n—1 n—k+1
k! n n n n n
If we now take n — oo in such a way that x = np remains constant, then since k

is fixed, we find
n —k
lim (1 — E) =e " lim (1 — E) =1
n—00 n n—00 n

and

lim (ﬂ) n—1)\ n—k+1 — lim 1_1 1_k_1 -1
n—oo \ N n n n—o0 n n

so that

n!

. e k . n—
A =y 1)

K
kb,
k!

—K

Hence, if X ~ Bin(n,p) and at least one of np and n(1 —p) is small so that the normal

approximation does not apply, then

P{X =k} ~ P{Y = k}
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where Y ~ Poisson(np). Thus,

P{X =k} ~ %e—m’ (2.56)

2.6 Illustrative Example: Poisson Distribution

Fitting a Poisson distribution involves estimating the parameters 3y and 3; to model
the relationship between the explanatory variable x; and the response variable ;. This
is typically achieved using maximum likelihood estimation, where the model assumes
that the observed counts follow a Poisson process. The canonical log link function
ensures a linear relationship between the predictors and the logarithm of the expected

counts while maintaining the non-negativity of ;.

Eample

The following data set represents counts y observed at different values of a covariate

xT.

Table 2.1: Data for Poisson Regression Example

v 2 3 6 7 8 9 10 12 15

z -1 -1 0 0 00 1 1 1

The goal is to fit a generalized linear model (GLM) to these data to model the depen-
dence of y on z. The error distribution is assumed to follow a Poisson distribution. A

log(y) plot versus x reveals an approximately linear relationship, suggesting that a log
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link function is appropriate. However, y itself does not exhibit a linear dependence

on z, as observed in a direct plot of y against z.

logly)

Figure 2.1: Plots

2.6.1 Fitting a Poisson Distribution Using the Log-Link Func-
tion

The Poisson distribution is commonly used in generalized linear models to model
count data. Using the canonical log-link function, the relationship between the mean

response p; and the explanatory variable x; is defined as:

logp; = o+ brzy, i=1,...,n.

This log link ensures that the expected count p; is always positive, a critical property

for count data. By exponentiating both sides, the model implies:
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i = ePotbizi

This shows that the relationship between z; and p; is multiplicative on the original

scale.

2.6.2 Finding the Weights and Adjustments

To fit this model, iterative methods such as Iteratively Reweighted Least Squares
(IRLS) are employed. This requires calculating the weights w; and adjustments ¢&;

during each iteration. For the Poisson distribution:
o The link function g(u) = log i gives its derivative ¢'(u) = 1/p.

o The variance function V' (u) = p describes the relationship between the variance

and the mean.

Using these, the weights are calculated as follows:

1 1

Bo+Bizi
V(ud)lg' (m)l? g )?

The adjustment &; is derived as:

& = Bo+ Bz + g' (1) (yi — i),

which simplifies to:

& = Bo+ Brwi + py (v — i)
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These calculations are iteratively updated until convergence, ensuring that the pa-
rameter estimates y and (; minimize the deviance. To compute the weighted least

squares matrix, we consider the following.

w1 0 0
1 I
1 1 0 we 0
XWX =
x]_ PR xn
1 z,
0O O Wy,
Expanding this product yields the following.
Dl Wi iy Wil
XWX =
Dl witi Yo Wit
Substituting the weights w; = e?+%1% we have:
Z’?_l ePotBizi Z@_l xieﬁo-l—ﬁwi
XWX = - -
27“_1 xieﬁoﬁ-ﬁll‘i 27‘1—1 $Z26/80+/31xi
Furthermore, the expression for X'W¢ is given by:
w1 0 0
&1
1 1 0 Wao 0
X'We¢ =
Ty L,
&n
0 O W,

This simplifies to
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Z?:1 w;i&;
Z?:l w; ;&5

X'We =
Substituting the expression for & = By + Biz; + p; H(y; — i), we have:

. Doy (@0 + Bz + p; (Y — Mz))
XWE=
Z?:l 125 (ﬁo + B + /L{l(yi — ,uz)) z;

Expanding the terms, this becomes:

’ 2?21 MZ(BO + Bllﬂz) + (yz — ,Uz)
XWE =
Z?:l wi(Bo + Brxi)x; + (yi — i) x;

Finally, substituting p; = €%+%1% the expression becomes:

Xle o Z?:l (650+ﬁ1xi (50 + 511’1) + oy — 6504—,31:01-)

> it (eﬁowlxi (Bo + Brwg)w; + (yi — eﬁowlxi)aﬁi)

Now that we have the matrices X'W X and X'W¢ expressed in terms of §, we can
update 3 iteratively. By replacing  with *), we compute X'W® X and X'W*)¢*)
for each iteration k. These matrices are then used to calculate 3%*1 in the next step.
The following updating equation defines the Iteratively Reweighted Least Squares

(IRLS) algorithm:

, , -1 " (k) 5(k) (k) (k)

Fk) IR AT S I R i <eﬁ° TS 4 B ) s - ePo HOTm
= , (k) 4 g(k) , (OINON (k) 4 (k) : (k) 4 (k) .
PO I B o I S B pOran (eﬁ o AT () 4 pa)e; + (v — P A >I>
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The algorithm starts with initial estimates ﬁéo) and 6%0). It iterates until convergence

k)

is achieved, that is when S*+Y is sufficiently close to S*). From the plot of logy

against z in Figure 1, the initial estimates for the parameters are given as:

560) = 2 (intercept), 50) = 1 (slope),

Approximately the intercept and slope of the observed linear trend. Using these initial

values, we compute the following.

WO = diag(2.7183,2.7183,7.3891, 7.3891, 7.3801, 7.3891, 20.0855, 20.0855, 20.0855),

€0 = (0.7358,1.1036, 1.8120, 1.9473, 2.0827, 2.2180, 2.4979, 2.5974, 2.7468) ™,

95.2494 54.8200 222.0694
. XTw g —

54.8200 65.6931 152.5132

XTwOx =

In iteration 1, the updated estimates for 3y and f; are calculated as:

-1

s 95.2494 54.8200 222.0694 1.9150

B 54.8200 65.6931 152.5132 0.7235

This iterative process continues until convergence is achieved. The subsequent table
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presents the results, showing consistent parameter values in four decimal places.

Table 2.2: Results of iterative process
k 0 1 2 3 4

(F) 92,0000 1.9150 1.8902 1.8892 1.8892
) 1.0000 0.7235 0.6716 0.6697 0.6697

The maximum likelihood estimates (MLE) of the parameters are as follows:

By =1.8892 and B = 0.6697.

The inverse of the Fisher information matrix I = X7W X is:

0.02020 —0.01419

—0.01419 0.03192

which represents the variance-covariance matrix of 3. Using this, the standard errors

of the estimates are:

s.e.(Bo) = v/0.02020 = 0.1421, s.e.(8;) = v/0.03192 = 0.1787.

The glm function in R produces nearly identical results for the estimated coefficients
and their standard errors. For now, we focus only on the parameter estimates and

standard errors.
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2.6.3 Iteration Results

Table 2.3: Iterations of Parameter Estimates

Iteration Bo b
1 1.915027 0.7235353
2 1.890243 0.6716853
3 1.889273 0.6697881
4 1.889272 0.6697856
5) 1.889272  0.6697856
6 1.889272  0.6697856
7 1.889272 0.6697856
8 1.889272  0.6697856
9 1.889272  0.6697856

Table 2.4: Final Values of 3, Variance-Covariance Matrix, and Fisher Infor-

mation Matrix

Final Beta Values

Bo
A

1.8892720
0.6697856

Variance-Covariance Matrix

0.02019584 -0.01419063

-0.01419063  0.03192892

Fisher Information Matrix

72 32.00000
32 45.54179
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Regression Output from R in Tabular Form

Table 2.5: Regression Coefficients

Coefficients Estimate Std. Error z value Pr(> |z|)

(Intercept) 1.8893 0.1421 13.294 <2 x 10716

b'e 0.6698 0.1787 3.748 0.000178

Table 2.6: Model Summary

Metric Value

Dispersion parameter for Poisson family 1

Null deviance 18.4206 on 8 degrees of freedom
Residual deviance 2.9387 on 7 degrees of freedom
AIC 41.052

Number of Fisher scoring iterations 4

2.7 Discussions and Conclusion

Applying the Poisson regression model using the Iteratively Reweighted Least Squares
(IRLS) algorithm demonstrated its effectiveness in estimating the relationship between
the explanatory variable x and the response variable y. Starting from initial parameter
estimates of ﬁéo) = 2 and ,6§0) = 1, the iterative process successfully converged within
four iterations, achieving stable estimates of Bo = 1.8892 and ﬁl = 0.6697. These
values align closely with the results obtained using the glm function in R, indicating
consistency and reliability of the manual computational process.

The log link function played a critical role in the analysis, ensuring a linear relationship

between the predictors and the logarithm of the expected counts while preserving the
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non-negativity constraint of p;. This transformation was significant for modeling the
count data, which inherently possesses non-negative values. The deviance measures
provided insights into the model’s goodness-of-fit: The null deviance, which evaluates
the model without predictors, was 18.4206 with 8 degrees of freedom. The residual
deviance, including the explanatory variable x, was significantly reduced to 2.9387
on 7 degrees of freedom. The substantial reduction in deviance indicates that the
explanatory variable x contributes considerably to explaining the variability in the
response variable y. Additionally, the Akaike Information Criterion (AIC) of 41.052
supports the model’s adequacy for the data and provides a comparative measure
for evaluating similar models in future studies. The variance-covariance matrix and
derived standard errors further validate the model: The standard error for Bo was
calculated as 0.1421, and for Bl, it was 0.1787. These values indicate a high confidence
level in the parameter estimates, with more minor standard errors suggesting precise
and reliable estimates.

Although the Poisson regression model fits the data well, certain assumptions and
limitations warrant further consideration. For instance, the model assumes equidis-
persion, where the variance equals the mean. Any evidence of overdispersion (variance
exceeding the mean) or underdispersion could affect the validity of the results. It may
require alternative models, such as the quasi-Poisson or negative binomial regression.
In conclusion, the Poisson regression model with a log link function proved to be an
appropriate method for analyzing the relationship between the explanatory variable
x and the response variable y. The IRLS algorithm efficiently estimated the parame-

ters, converging to stable and reliable values. The results were consistent with those
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obtained from the glm function in R, further confirming the robustness of the models.
Standard errors and deviance measures indicated that the model fits the data well, sig-
nificantly reducing deviance compared to the null model. The analysis demonstrated
the importance of selecting an appropriate link function and using iterative techniques
for parameter estimation in generalized linear models. Future work could explore the
extension of this approach to handle overdispersion, which may arise when the vari-
ance of the response variable exceeds the mean. This could involve incorporating
quasi-Poisson or negative binomial models to improve flexibility. Additionally, evalu-
ating the model’s predictive performance on new data could validate its applicability
further.

Finally, this study highlights the effectiveness of Poisson regression in modeling count
data and underscores the importance of iterative estimation methods such as IRLS to

achieve reliable parameter estimates.
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CHAPTER 3

MULTINOMIAL LOG LINEAR

MODEL

3.1 Introduction

As outlined in Chapter 2, the Poisson distribution is pivotal in developing and applying
multinomial log-linear models, particularly to model count data in contingency tables
in the context of categorical data analysis [4]. It provides a statistical foundation for
estimating cell counts, often assumed to follow a Poisson distribution. The Poisson
distribution offers the statistical foundation for estimating cell counts in multinomial
log-linear models, extensively used to study interactions and associations among mul-
tiple variables in contingency tables. This formulation enables the model to capture
complex relationships symmetrically, treating all variables equally and not developing
any as a response variable [37]. [38] established the foundational importance of multi-
nomial log-linear models in providing the statistical framework necessary to model and

analyze interactions and associations within categorical data. Additionally, the Pois-
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son distribution plays a crucial role in the estimation process in multinomial settings,
where fixed marginal totals constrain cell counts. In such cases, although the joint
distribution of cell counts follows a multinomial distribution, the Poisson framework
underpins the likelihood estimation of the model parameters.

[31] highlighted the structural similarity between log-linear models for contingency
tables and analysis-of-variance (ANOVA) models. These models can be fitted using
generalized Poisson linear models with a logarithmic link function. Unlike traditional
models that designate one variable as the response, log-linear models treat all variables
symmetrically within the contingency table. This symmetric treatment ensures that
the model parameters describe the associations between variables rather than the
effects of explanatory variables on a predefined response variable. However, when one
variable is explicitly interpreted as the response, the log-linear model transitions into
a binomial or multinomial logit model.

[4] established that log-linear models, as a specialized form of generalized linear mod-
els based on the Poisson distribution, analyze the natural logarithms of expected cell
counts to identify and quantify interactions between variables. Two primary types of
log-linear models are the independence and saturated models. The log-linear indepen-
dence model assumes that the variables in the contingency table are not associated
with expected cell counts expressed as the product of their marginal probabilities. This
model represents the logarithm of expected counts as an additive function of row and
column effects, simplifying interpretation by isolating the independent contributions
of each variable. Statistical tests such as Pearson’s chi-square test and the likelihood

ratio test are applied to evaluate whether the independence assumption holds, which
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makes this model particularly effective for evaluating statistical independence [4]. In
contrast, the log-linear saturated model is more comprehensive, incorporating inter-
action terms that account for all possible associations between variables. This model
perfectly fits the observed data, offering a detailed representation of the relationships
within the contingency table.

[39] demonstrated that the association parameters in the saturated model are directly
interpretable through odds ratios, which serve as key measures of association by quan-
tifying both the strength and direction of the variable interactions. The odds ratio
provides a comparative measure of the likelihood of one outcome relative to another,
offering a meaningful interpretation of dependency structures within contingency ta-
bles. Notably, when the interaction parameters in the saturated model are zero, the
model simplifies to the independence model, signifying the absence of associations
between variables. In this case, expected cell counts can be expressed solely as the
product of their marginal probabilities, confirming statistical independence between
categorical variables. These models form a robust analytical framework for categor-
ical data and have broad applications in medicine, social sciences, and public health
[40]. Their ability to reveal associations and interactions makes them valuable for
understanding relationships in multivariate categorical data. The odds of an event
are defined as the ratio of the probability that the event occurs to the probability that

it does not happen, mathematically expressed as:
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For example, if the probability of success is 0.75, the odds are 3, indicating that the
event is three times more likely to occur than not. Building on this concept, the odds
ratio (OR) compares the odds of an event in one group with the odds in another,
serving as a key measure to quantify the strength and direction of the association
between two categorical variables. Commonly utilized in contingency table analysis

and logistic regression, the OR is calculated as:

~ Odds in Group 1

OR = Odds in Group 2’

or, in a 2 X 2 contingency table, as:

Outcome Present (A) | Outcome Absent

Exposed a b

Unexposed c d

Odds Ratio (OR) = (i) _ ad

Here, a,b,c, and d represent the respective cell counts. [4] established that the odds
ratio is a fundamental measure of association in statistical modeling. An odds ratio
of 1 signifies that there is no association between the variables, indicating that the
occurrence of one event does not affect the probability of the other. In contrast, odds
ratios greater than 1 suggest a positive association, which means that the likelihood
of the associated event increases as one variable increases. In contrast, odds ratios

less than 1 indicate a negative association, implying that an increase in one variable
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corresponds to a decrease in the likelihood of another event. This interpretability
makes the odds ratio crucial for assessing relationships in contingency tables and
regression models.

[4] highlighted several notable properties of the odds ratio that enhance its applicabil-
ity in statistical analysis. One key property is its symmetry, meaning that interchang-
ing the groups being compared does not alter its value. Furthermore, the odds ratio
remains independent of marginal totals in a contingency table, making it a robust and
reliable measure for evaluating associations in cross-tabulated data. Furthermore, the
logarithmic transformation of the odds ratio, expressed as log(OR) is frequently uti-
lized in statistical models due to its symmetric distribution and ease of interpretation.
This transformation simplifies analysis, particularly in logistic regression, where the
odds ratio is critical in quantifying the effect of predictor variables on the odds of an
outcome. Unlike the relative risk, which compares probabilities directly, the odds ra-
tio approximates relative risk only when the event’s probability is small. Given these
advantages, the odds ratio remains indispensable in categorical data analysis. It is
widely applied in epidemiology, social sciences, and public health research to assess
the relationships between variables and inform decision-making.

In log-linear models, the requirement for the Poisson mean (i) to remain positive

makes the additive model, expressed as

H= Z Bjxj,
Both scientifically and logically inappropriate, particularly for extrapolation, as it can
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lead to negative values under specific parameters or combinations of covariates. To

resolve this, log-linear models adopt a multiplicative approach where

p=exp(n) and n=>_ B,

[5] emphasized the importance of ensuring that p remains strictly positive regardless
of parameter or covariate values. This structural formulation is particularly advan-
tageous as it prevents the possibility of negative values, which are scientifically and
logically inconsistent in count-based models. This framework facilitates the incorpo-
ration of factorial design and regression modeling concepts, allowing model parame-
ters to be interpreted as contrasts of logarithmic frequencies. Since working directly
with log-transformed values can be less intuitive, these contrasts are typically back-
transformed to the original frequency scale for improved clarity and interpretation.
This transformation enables results to be expressed in terms of multiplicative effects,
which are more intuitive and applicable in practical statistical analyses.

3] established that the model goodness of fit is typically evaluated using likelihood-
based methods, including the likelihood ratio test and Pearson’s chi-square statistic
in the multinomial log-linear framework. These statistical measures compare the ob-
served frequencies in the contingency tables with the expected frequencies predicted
under the null hypothesis of independence. Large discrepancies between observed and
expected frequencies indicate significant associations between variables. The rigor-
ous nature of these tests ensures the statistical validity and reliability of conclusions

drawn from multinomial log-linear analyses, particularly in studies involving large and
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complex datasets. [33] highlighted the broad applicability of multinomial log-linear
models in multiple disciplines. In public health research, these models are widely
used to analyze disease risk factors by assessing relationships between demographic
variables and health outcomes. For example, in passive smoking studies, multinomial
log-linear models facilitate the investigation of how age group, place of exposure, and
geographic region interact to influence exposure probabilities. By explicitly model-
ing interactions among categorical variables, these models provide granular insights
essential for developing effective public health interventions and policies.

[2] underscored that recent advancements in computational techniques and statistical
software have significantly improved the efficiency and accessibility of multinomial
log-linear models. Modern tools such as R’s nnet package enable computationally ef-
ficient parameter estimation and model validation, even for highly complex datasets.
Furthermore, integrating robust statistical methods, including bootstrapping and sen-
sitivity analysis, has improved the stability and reliability of parameter estimates
and predictions. These methodological advancements have cemented multinomial log-
linear models as an indispensable tool in contemporary statistical analysis, fostering

progress in research, decision-making, and policy formulation across diverse fields.

3.2 Methodology

The log-linear model is a statistical technique used to analyze the associations be-
tween categorical variables in contingency tables. As a linear function of the param-

eters corresponding to each category variable and their interactions, it predicts the
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natural logarithm of the expected cell counts. According to [4], log-linear models are
frequently utilized to evaluate the interactions between variables or determine their
independence. Suppose that we categorize and/or use two criteria to categorize a
random sample of n subjects A and B, for example, in our case, age groups and the
place of exposure to smoking or the administrative area and the place of exposure to
smoking. Let y;; be the number of subjects in each category ¢ of A and category j of

B, wherei=1,..., I and j =1,...,J. We have the following:

I

S =m

=1 j=1

In this case, our data {y;;} form a 2-D contingency table as follows:

B, By --- Bj|Sum
Ar lyn Y2 0 Y| YL
Ay [ Yo1 Yo2 0 Yar | Yo
Ar lyn yr2 - Yis| yr
Sum | y1 Y2 -0 yg | m
where the column sum y.; = Zle Yij, TOW sum y;. = ijl yij, for e = 1,...,1 and
g =1,...,J. The total is:
I J
Y. = Z Yig = M.
i=1 j=1

The intriguing question is whether there is a connection between age groups and the
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place of exposure to smoking or between the administrative area and the place of

exposure to smoking. Thus, the distribution of {Y;;} is assumed to be multinomial:

m!
Y Y —
, T Ty Y Y 2 0, gyt ey =m,

P(Yn :y117-~->Y:TJ:yIJ) =
Y11-° - YrJ-

where ;; are designated to be the cell probabilities. For example, m;; denotes the
likelihood that a randomly chosen research subject will find itself in row 1 and column
1. As a result, the marginal chances are given by m; = ;mij and T = >, mij, for
i=1,...,1,7=1,...,J. Now, to test the hypothesis of no association (independence)

between subjects A and B, we can write the null hypothesis as follows:

Hy: 7y = momy, foralli,j.

The alternative hypothesis is the following.

H : Hy is not true.

It is not difficult to see the likelihood ratio test as obtained in statistical inference to

be approximately the y? test statistic:

2=y (ij — mAify)? 3 (03 — Eyy)?

P mfrlfrj Py Eij ’
where m; = % 7, = %, O;; = y;; represents the observed frequency and Ej; =
m;.w.; = %224 (row total x column total / grand total), for i =1,..., 1,7 =1,...,J

80



is the expected frequency.
If Hy is true, the distribution of X? is approximately x* with (I — 1)(J — 1) degrees
of freedom. In particular, a large value of X? is taken as significant evidence against

Hy, and we reject Hy if and only if:

X? > X?x;(]—l)(J—l)a

The critical value in the x? distribution with (I — 1)(J — 1) DF. Similarly, we can

reject Hy if the value of P associated with the value of X? is less than the level a.
Similarly, a Poisson model can describe the data of the contingency table and

test the necessary hypothesis regarding the association between the row and column

classifications. In this case:

Yi; = a;; + €ij ~ Pois(w;) independent, (oy; = mm;;, for all 4, j), (3.1)

where

1. Y;;: The observed count for the (ij)™ category.

2. ay;: The expected mean of the Poisson distribution for the (ij)™ category, which

is modeled as mm;;, where:

o m: Total number of observations (a fixed sum of counts).

o m;;: Probability associated with the (ij)™ category.
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3. €ij: Random deviation from the expected mean.

4. Y;; ~ Pois(a;;): Each count follows a Poisson distribution with mean «;;, and

the counts between cells are independent.

The log-linear representation of the Poisson means is given by;

log(ozij):a+ai+ﬁj+'yij, izl,...,], jzl,,J (32)

The log-linear formulation specifies that «;; is modeled in terms of:

e «a: An overall mean term.

o «;: A main effect for the i*® row (for example, a variable effect at the row level).
 B3;: A main effect for the j™ column (for example, a column-level variable effect).
 7;: An interaction term capturing the combined effects of the i and ;™ levels.

In this class of models, it is assumed that the sum Y. is distributed according to the
Poisson. That is, Y. = Y1+ - -+Y7; ~ Pois(a..), where a.. = ay1+- - -+ay; = m(m +
.-+ 4+ mry) = m. The total count Y. in categories is distributed as Pois(«_ ), where

o« is the sum of the means of the Poisson distributions in all cells. The constraint

(m1 4 -+ -+ ) = 1 ensures that o, = m, making Y. a fixed constant. Hence, the
conditional distribution of {Y;;} given Y. = m is multinomial with the functional
form:

82



PYiu=vi1,-- -, Yy =91)

PYi=vyn,.... Y=y | Y.=m) = POY. = m)

The joint probability of Poisson counts is given by

(mﬂ'ij>y” exp(—mmj)
Yij!

P(Y..:y..a---aYIJ:yIJ>:H

]

This is the product of independent Poisson probabilities for all (4, 7)™ cells. The

marginal probability of total counts is

This represents the marginal probability of observing a total count m, derived from the

properties of the Poisson distribution. Using the definition of conditional probability,

P(Yn =y11,---,Y1J=yu)

(3.3)

Substituting the expressions for the numerator (joint Poisson probability) and the

denominator (marginal total likelihood) of (3.3)

11 (mmi;)¥4 exp(—mmi;)
ij Yig!
m™ exp(—m)
m!

Py =vij,... . Yiy=yry | Y. =m) =

Cancel exp(—m) in the numerator and denominator. Using the fact that 3, vi; = m,

> ;i = 1, and simplify factorial terms.
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B H mYa ()Y m!

Yij! m™ exp(—m) exp(m)’

Final expression:

mm-j ) Yij

m!
P(Yilzyllu"‘;YIJ:yIJ|Y-:m):mmH( Y |
@5

ij

m! .
P(Yn:yll,---,YIJ:yU|Y..=m):H yJH?T?;], if yii + - +yrg = m(3.4)
ig JU)° ij

This is the probability mass function of a multinomial distribution with m trials and

cell probabilities 7;;. The null hypothesis Hy : m;; = m;.m.; for all 4, j becomes:

log(aj) = log(mm;.m;) = o+ «a; + 5, ie., y; =0 for all 7, .

Consequently, the test of independence and/or no association becomes a test of no

ne "
n!

interaction. Now, since the denominator of (3.4), is independent of any unknown

parameters, it means that the MLE in the Poisson model is similar to that in the

multinomial model.

3.3 Data Analysis

The dataset investigated in this research was downloaded from the Saudi National

Statistics Authority [https://www.stats.gov.sa/en/statistics- overview|. Specifically,
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it comprises the National Household Health Survey, which took place in 2017 and
aims to create a comprehensive perspective on healthcare status in the Kingdom. The
survey assesses various indicators, including insurance coverage, disease prevalence,
lifestyle behaviors, and smoking habits. A random sample of 1,334 households was
drawn in all regions of the Kingdom. It is beyond the scope of this work to provide a de-
tailed explanation of this national survey. Readers interested in digging deeper can ac-
cess the following reference [https://www.stats.gov.sa/sites/default /files/household-
health-survey-2017-1.pdf]. The operations carried out with the mentioned dataset are
explained in the following lines. This data set provides comprehensive information on
the entire Saudi population and separate data for male and female populations aged
10 years and older. It is organized by administrative regions within Saudi Arabia and
is further divided into age groups ranging from 10 to 65 years of age or older. For
each region and age group, the data set captures the number of people exposed to

smoking in five places: cars, coffee shops, homes, public areas, and workplaces.
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Figure 3.1: A line plot illustrating the distribution of the population aged
10 years and older exposed to passive smoking, categorized by place of
exposure and age group
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Figure 3.2: A line plot illustrating the distribution of the population aged
10 years and older exposed to passive smoking, categorized by place of
exposure and administrative area

Figure 2a represents the exposure of the entire population to smoking in different
places. The data indicates that exposure peaks around the 35-39 age group, partic-
ularly in public areas and workplaces. After age 40, there is a consistent decline in
exposure in all places, suggesting that smoking exposure decreases with age. This
decline may be attributed to lifestyle changes, reduced public participation, or health-
related considerations as people transition to middle and older age. Furthermore,
younger individuals (aged 10-24 years) exhibit relatively lower levels of smoking ex-
posure compared to middle-aged groups (25-44 years). This difference could reflect
variations in the environments visited by these age groups or the smoking regulations
in the places they visit. In general, the data underscore the influence of age and
social behavior on smoking exposure patterns. Figure 2b illustrates the passive smok-

ing exposure patterns among the male population in various places. Public places
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and workplaces emerge as the dominant sources of exposure, particularly for individ-
uals in the 35-39 age range. In contrast, home exposure remains steady across all
age groups, indicating a persistent risk of passive smoking at home regardless of age.
Coffee shops and cars show lower levels of exposure in all ages, with cars being the
least significant source of passive smoking. In particular, there is a sharp decline in
exposure to smoking in public places and workplaces after the age of 40. This trend
likely corresponds to life changes, such as retirement or reduced participation in pub-
lic spaces as individuals age. The data underscore the importance of public places
and workplaces as the main contributors to passive smoking exposure, particularly
for younger and middle-aged adults. These findings provide valuable information for
public health interventions, emphasizing the need to focus efforts on reducing expo-
sure in these environments to mitigate health risks. Figure 2c illustrates the passive
smoking exposure patterns among the female population in various places. The 30-39
- year age group emerges as the most exposed demographic, particularly in public
places, homes, and workplaces. In contrast, older age groups (ranging from 40-44) ex-
perience a noticeable sharp decline in passive smoking exposure, especially in public
places and workplaces. This trend may reflect lifestyle changes, reduced participation
in public activities, or health-related factors as individuals age. Public places consis-
tently represent the most significant source of passive smoking exposure for females,
whereas cars and coffee shops contribute the least across all age ranges. Data provide
a detailed understanding of how exposure to passive smoking varies by place and age
group, with younger and middle-aged adults experiencing greater exposure, particu-

larly in public places and workplaces. However, older adults (65+) show markedly
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lower levels of exposure in all environments. These findings highlight critical areas for
targeted public health interventions, especially in reducing exposure for young and
middle-aged women in public places and workplaces.

Figure 3a represents the entire population’s passive smoking exposure patterns across
regions. Public places in Makkah Al-Mokarramah exhibit the highest exposure lev-
els, with more than 600,000 people affected. Other areas, such as Al-Riyadh and
Al-Madinah Al-Monawarah, also report high exposure in public places, while smaller
regions, like Northern Borders and Najran, show near-zero exposure. Homes are iden-
tified as the second-highest area of exposure, with Makkah and Al-Riyadh leading,
followed by Al-Madinah. Smaller regions contribute minimally to home exposure.
Workplaces show moderate exposure, particularly in Makkah, Al-Riyadh, and Al-
Madinah, while other areas report significantly lower numbers. Coffee shops and cars
have the lowest levels of passive smoking exposure across all regions, especially in
smaller areas. However, Makkah and Al-Riyadh still report relatively higher exposure
levels in these settings than in other areas. in general, Makkah Al-Mokarramah con-
sistently exhibits the highest levels of passive smoking exposure in all environments,
while smaller regions experience significantly lower levels. Public places and homes
emerge as the most significant contributors to passive smoking exposure, warranting
targeted interventions in these areas.

Figure 3b illustrates passive smoking exposure among the male population across vari-
ous regions. Public places emerge as the most significant contributor to exposure, with
a pronounced peak in Makkah Al-Mokarramah. Homes represent the second-highest

source of exposure, particularly in Makkah, Al-Riyadh, and Al-Madinah. Workplaces,
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coffee shops, and cars show much lower levels of exposure overall, with only modest
peaks in the more prominent regions such as Makkah and Al-Riyadh. Smaller regions
exhibit minimal exposure in all environments. In summary, the graph highlights that
Makkah Al-Mokarramah and Al-Riyadh experience the highest levels of passive smok-
ing exposure, particularly in public places and homes. Public places consistently stand
out as the largest source of exposure, emphasizing the need for targeted interventions
in these environments to reduce health risks among the male population.

Figure 3c illustrates passive smoking exposure among the female population across dif-
ferent regions. Public places in Makkah Al-Mokarramah exhibit the highest exposure
levels, with more than 600,000 people affected. Other areas, such as Al-Riyadh and
Al-Madinah Al-Monawarah, also report significant exposure in public places, whereas
smaller regions, like Northern Borders and Najran, show near-zero exposure. Homes
represent the second-highest source of exposure, with Makkah and Al-Riyadh leading,
followed by Al-Madinah. Smaller regions contribute minimally to home exposure.
Workplaces show moderate exposure levels, particularly in Makkah, Al-Riyadh, and
Al-Madinah, while other areas report significantly lower numbers. Coffee shops and
cars consistently have the lowest exposure levels, especially in smaller regions. How-
ever, Makkah and Al-Riyadh still report relatively higher exposure levels in these
categories than in other areas. In conclusion, Makkah Al-Mokarramah stands out
as the region with the highest levels of passive smoking exposure across all environ-
ments, while smaller areas show significantly lower exposure. Public places and homes
are identified as the most critical areas of concern, highlighting the need for targeted

public health efforts to reduce exposure in these environments among females.
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Figure 3.3: A bar chart illustrating the distribution of the population aged
10 years and older exposed to passive smoking, categorized by place of
exposure and age group
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Figure 3.4: A bar chart illustrating the distribution of the population aged
10 years and older exposed to passive smoking, categorized by place of
exposure and administrative area

The stacked bar charts from Figures 4a to 5f provide a comprehensive analysis
of exposure patterns across age groups and regions, categorized by five places: cars,
coffee shops, homes, public places, and Workplaces. Across age groups, the data
reveal a consistent trend: exposure levels increase with age, peak in the 30-44 age
range, and then decline in older age groups (45+). Public places consistently dom-
inate exposure across all demographics, contributing the largest share of cumulative
exposure levels. Workplace exposure plays a significant secondary role, particularly
in working-age groups (20-44), reflecting the impact of professional activities dur-
ing these years. Home exposure remains steady across all age groups, with slightly
higher contributions from younger individuals, likely due to family living patterns,
and to middle-aged individuals. Coffee shops contribute modestly to exposure, par-
ticularly in younger and middle-aged groups, while cars consistently exhibit the lowest

exposure levels across all age groups. Regionally, the charts highlight significant dis-
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parities in exposure levels. Urban centers such as Riyadh and Makkah exhibit the
highest levels of exposures driven primarily by public places and Workplaces, which
reflect their high population densities, urbanization, and vibrant social and profes-
sional activities. Moderate exposure regions, including Madinah, Qaseem, and the
Eastern Region, show reduced exposure levels compared to Riyadh and Makkah but
still maintain significant activity levels, with Public Places as the dominant contribu-
tor and smaller contributions from home and Workplace. Low-exposure regions, such
as Hail, Jazan, Al-Baha, and Najran, demonstrate significantly lower exposure lev-
els, driven primarily by Public Places, with minimal contributions from Workplace,
Home, and Coffee Shops. These patterns are likely due to lower population densities
and reduced professional and social activities in these areas. Across both age groups
and regions, Public Places emerge as the most significant driver of exposure, followed
by the Workplace in urban centers and working-age groups. Home contributes moder-
ately, while coffee shops and cars play more minor roles. These findings highlight the
importance of targeted strategies to manage exposure risks effectively. Interventions
should prioritize reducing exposure in Public Places, particularly in high-risk urban
regions, through improved ventilation, occupancy control, and other measures. For
workplaces, strategies should focus on working-age groups, such as enhancing indoor
air quality and promoting flexible work arrangements. Urban centers require inten-
sive management to address high exposure levels at the regional level, while smaller
regions would benefit from equitable distribution of resources to mitigate risks. These
insights provide a foundation for informed decision-making to reduce exposure risks

in different demographics and regions.
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Figure 3.5: A box plot illustrating the distribution of the population aged
10 years and older exposed to passive smoking, categorized by place of
exposure and age group
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Figure 3.6: A box plot illustrating the distribution of the population aged
10 years and older exposed to passive smoking, categorized by place of
exposure and administrative area

The series of boxplots in Figures 6a to 7f collectively highlight the distribution
of exposure levels across five categorized locations: cars, coffee shops, homes, pub-
lic Places, and Workplaces. These visualizations provide detailed insights into the
variability, central tendencies, and outliers associated with exposure levels in each
environment. In all figures, cars consistently exhibit the lowest exposure levels, char-
acterized by narrow interquartile ranges (IQRs) and medians close to zero, reflecting
minimal variability and highly controlled conditions. Although occasional outliers
indicate rare instances of elevated exposure, cars remain the safest environment in
terms of exposure. Similarly, coffee shops demonstrate slightly higher exposure levels
than car shops, with broader IQRs and a few outliers, indicating moderate variability.

These semi-enclosed environments generally maintain low exposure levels compared
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to more dynamic settings. Homes exhibit moderate exposure levels across all figures,
with wider IQRs and higher medians than those observed for cars and coffee shops.
The increased variability is likely due to differences in household size, visitor inter-
actions, and indoor activities. Occasional outliers suggest sporadic cases of elevated
exposure; however, the overall exposure levels in Homes remain concentrated and
controlled. In contrast, Public Places consistently emerge as the category with the
highest exposure levels, displaying the largest IQRs, the highest medians, and frequent
outliers. This variability highlights public places’ dynamic and unpredictable nature,
where diverse activities and interactions lead to frequent high-exposure events. Public
places consistently stand out as the most variable and high-risk environment in all
figures. Workplaces exhibit moderate exposure levels, falling between Public Places
and the more controlled environments of Cars, Coffee Shops, and Homes. While
the IQRs and medians for Workplace exposure are narrower and lower than those of
Public Places, they still reflect significant exposure levels, likely due to professional
interactions. Occasional outliers indicate sporadic elevated exposure, though these
are less extreme and less frequent than in public places. Workplace exposure appears
more regulated and consistent than the variability observed in public environments.
While the general trends remain consistent across all figures, the differences in expo-
sure scales and the presence of outliers emphasize variability across locations. Figures
(a), (b), and (c) focus on more minor scales, capturing subtle differences in exposure,
while figures (d), (e), and (f) extend the range to highlight more prominent outliers.
These visualizations consistently demonstrate that Public Places pose the highest ex-

posure risks due to their openness, high variability, and elevated medians. In contrast,
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cars and coffee shops provide the safest environments with consistently low exposure.

Homes and Workplaces occupy intermediate positions, varyingly influenced by house-

hold dynamics and workplace structures. The presence of outliers in categories such

as Public Places and Homes underscores the need for targeted interventions to mit-

igate risks in these settings. These findings are essential for understanding exposure

patterns and informing strategies to manage exposure risks, particularly in high-risk

environments such as Public Places and Workplaces.

Table 3.1: Summary and Descriptive Statistics of the Entire Population by

Age Group

STATISTIC Car Coffee Shops Home Public Places Workplaces
Nbrval 12 12 12 12 12
Min.val 16311 23858 29719 131873 32270
Q1 24127.75 57589.25 79917 275535.2 66361
Sum 674113 1119093 1668925 4651871 1749738
Median 63143 9784 173027.5 416096.5 130004.5
Mean 56176.08 93257.75 139077.1 387655.9 145811.5
Q3 80207 133738.5 191849.5 522422 227190
Max.val 89788 155859 205061 606014 298161
Skewness -0.3210183 -0.1448005 -0.5459293 -0.2659627 0.2245061
Kurtosis -1.738436 -1.710605 -1.552718 -1.472133 -1.623495
Std.dev 28725.74 48196.58 65404.72 162997.1 90636.22
SE mean 8292.407 13913.15 18880.72 47053.21 26164.42
Variance 825168189 2322910257 4277777032 26568055252 8214923530
Cv 0.5113518 0.5168104 0.4702767 0.4204685

0.6215985 Range 73477 132001 175342 474141 265891
IQR 56079.25 76149.25 111932.5 246886.8 160829
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Table 3.2: Summary and Descriptive Statistics of the Male Population by

Age Group

STATISTIC Car Coffee Shops Home Public Places Workplaces
Nbrval 12 12 12 12 12
Min.val 9690 14349 12616 93441 19548
Q1 15649.75 35891.5 47376 179154.8 37651.25
Sum 384197 853794 845464 3192989 1449866
Median 32447 73732.5 84656 271325.5 102134.5
Mean 32016.42 71149.5 70455.33 266082.4 120822.2
Q3 41768.5 104601 93070.5 348895.8 190389
Max.val 59053 122799 104149 427680 264651
Skewness 0.08371616 -0.1205947 -0.5805154 -0.1231312 0.2372515
Kurtosis -1.453741 -1.705229 -1.360218 -1.483402 -1.640516
Std.dev 17112.12 39540.89 32170.87 115194.2 85653.37
SE mean 4939.844 11414.47 9286.93 33253.71 24726
Variance 292824749 1563481988 1034964801 13269710735 7336499391
CV 0.5344796 0.5557438 0.4566137 0.4329269 0.708921
Range 49363 108450 91533 334239 245103
IQR 26118.75 68709.5 45694.5 169741 152737.8

Table 3.3: Summary and Descriptive Statistics of the Female Population by

Age Group

STATISTIC Car Coffee Shops Home Public Places Workplaces
Nbrval 12 12 12 12 12
Min.val 6621 5562 17103 38432 8692
Q1 8494 11166.75 32541 60276.25 16945.25
Sum 289916 265299 823461 1458882 299872
Median 28471.5 27840 85991 155327.5 27897.5
Mean 24159.67 22108.25 68621.75 121573.5 24989.33
Q3 33760.25 31014 94732 162851.5 33312
Max.val 40081 33060 100912 178334 39563
Skewness -0.3665944 -0.401127 -0.5030653 -0.4112813 -0.2270693
Kurtosis -1.697889 -1.764158 -1.684598 -1.78763 -1.56235
Std.dev 12848.23 10993.87 33651.11 56475.32 10614.11
SE mean 3708.965 3173.658 9714.239 16303.02 3064.03
Variance 165077076 120865269 1132397352 3189462082 112659373
CV 0.531805 0.4972747 0.490385 0.4645365 0.4247457
Range 33460 27498 83809 139902 30871
IQR 25266.25 19847.25 62191 102575.2 16366.75
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Table 3.4: Summary and Descriptive Statistics of the Entire Population by

Region

STATISTIC Car Coffee Shops Home Public Places Workplaces
Nbrval 13 13 13 13 13
Min.val 4866 5714 13373 47447 8873
Q1 10496 12077 24036 80051 12499
Sum 465839 697544 926587 2642892 700038
Median 22301 35626 34610 135631 26959
Mean 35833.77 53657.23 71275.92 203299.4 53849.08
Q3 34451 83099 99228 299844 50199
Max.val 128579 174113 239233 687263 161959
Skewness 1.285114 0.934442 1.107497 1.392477 1.039928
Kurtosis 0.1355987 -0.4267709 -0.342069 1.283822 -0.7079611
Std.dev 39597.55 52885.65 73789.05 179287.1 56993.64
SE mean 10982.38 14667.84 20465.4 49725.29 15807.19
Variance 1567965966 2796892004 5444823166 32143851835 3248275115
CV 1.105034 0.9856202 1.035259 0.8818869 1.058396
Range 123713 168399 225860 639816 153086
IQR 23955 71022 75192 219793 37700

Table 3.5: Summary and Descriptive Statistics of the Male Population by

Region

STATISTIC Car Coffee Shops Home Public Places Workplaces
Nbrval 13 13 13 13 13
Min.val 2426 3228 5688 28805 5437

Q1 6038 8244 9346 45510 9418
Sum 248550 503405 354587 1621473 487796
Median 12517 26246 14207 90716 17917
Mean 19119.23 38723.46 27275.92 124728.7 37522.77
Q3 17128 61075 30478 174273 38927
Max.val 70368 134324 90816 419970 111348
Skewness 1.405703 1.092831 1.127499 1.371167 0.9736535
Kurtosis 0.4981782 0.3671473 -0.4335206 1.101491 -0.8537758
Std.dev 21598,87 38029.56 28829.66 110769.1 39826.94
SE mean 5965.487 10547.5 7995.91 30721.83 11046.01
Variance 462631433 1446247634 831149556 12269803783 1586185005
CV 1.124986 0.9820807 1.056964 0.8880807 1.061407
Range 67942 131096 85128 390865 105911
IQR 11090 52831 21132 128763 29509
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Table 3.6: Summary and Descriptive Statistics of the Female Population by

Region

STATISTIC Car Coffee Shops Home Public Places Workplaces
Nbrval 13 13 13 13 13
Min.val 2440 1063 7685 15149 943

Q1 4841 2503 14805 32494 3440
Sum 217289 194139 572000 1021419 212242
Median 7997 6154 19858 38767 9042
Mean 16714.54 14933.77 44000 78570.69 16326.31
Q3 17529 19835 68750 109970 21626
Max.val 58211 63010 148417 267593 52679
Skewness 1.148377 1.408602 1.094426 1.35488 1.039909
Kurtosis -0.3598066 0.8411931 -0.2975101 1.275246 -0.5739225
Std.dev 18576.67 18536.43 45184.18 70003.61 17930.77
SE mean 5152.24 5141.082 12531.84 19415.51 4973.101
Variance 345092493 343599388 2041610017 4900505231 32152521
CV 1.111408 1.241243 1.026913 0.8909634 1.098275
Range 55771 619447 140732 252444 51736
IQR 12688 17332 53945 77476 18186
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The six tables collectively provide a detailed breakdown of descriptive statistics in
various demographic and regional segments, emphasizing central tendencies, variabil-
ity, and distribution characteristics. Table 1 highlights the entire population in five
categories: cars, coffee shops, homes, public places, and workplaces. It demonstrates
that public places exhibit the most tremendous variability, as indicated by the high-
est standard deviation (162,997.1) and range (474,411), while cars show relatively low
variability with an IQR of 56,079.25. Skewness and kurtosis reveal mostly symmetric
and flat distributions across categories, while the coefficient of variation (CV) nor-
malizes dispersion, showing public places as having the lowest relative variability (CV
= 0.4205). These findings provide a general overview of population-wide trends in
the five categories. Tables 2 and 3 delve deeper into male and female populations,
offering gender-specific insights. Among males, public places report the highest mean
(266,082.4) and variability (Std.dev = 115,194.2), while cars show the lowest mean
(32,016.42) and variability (Std.dev = 17,112.12). Skewness values indicate that cars
are nearly symmetric (0.083), while Workplaces are slightly right-skewed (0.237). For
females, home has the highest mean (68,621.75), while coffee shops show the lowest
(22,108.25). Variability is most prominent in public places (Std.dev = 56,475.32), and
the distributions show slight left skewness except for Workplaces, which approach sym-
metry (-0.227). Both tables highlight gender-specific differences, with public places
consistently demonstrating the highest variability in both groups, reflecting a broader
spread and distribution.

The regional analysis in Tables 4 through 6 provides additional context by focusing on

98



the entire population, male population, and female population segmented by region.
Table 4 shows that public places have the highest mean (203,299.4) and variability
(Std.dev = 179,287.1) in all areas, while cars exhibit the lowest mean (35,837.77)
and variability (IQR = 23,955). Table 5 identifies similar patterns among males,
with public places showing the highest variability (Std.dev = 110,769.1) and skewness
(1.3712), while cars remain the least variable (IQR = 11,090). Finally, Table 6 for
females reveals that public places also dominate in mean values (78,570.69) and stan-
dard deviation (70,003.61), while cars have the smallest range (55,771). Skewness and
kurtosis values indicate flatter and positively skewed distributions across categories,
particularly for females in coffee shops and cars. These insights collectively showcase
the consistency of trends in gender and regional populations, highlighting significant

patterns in data distribution and variability for each category.
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3.4 Estimated Results (Fitting the Multinomial

Model)

Table 3.7: Fitting the Multinomial Model to the Entire Population Stratified
by Region

Coefficient Estimate Odds Ratio Std. Error =z value Pr(> |z|)
(Intercept) 10.447293 - 0.005388 1939.120 < 2e—16
Coffee Shops 1.281429 3.60 0.006090  210.422 < 2e—16
Home 0.004605 1.00 0.007611 0.605  0.545156
Public Places 1.692618 5.43 0.005862  288.720 < 2e—16
Workplace 0.376457 1.46 0.006996 53.808 < 2e—16
Al-Baha -0.867460 0.420 0.009906  -87.566 < 2e—16
Eastern Region -0.434907 0.647 0.008595  -50.602 < 2e—16
Hail -1.957266 0.141 0.015315 -127.805 < 2e—16
Jazan -0.245555 0.782 0.008132  -30.195 < 2e—16
Al-Jouf -1.105486 0.331 0.010803 -102.330 < 2e—16
Al-Madinah -0.397975 0.672 0.008500  -46.823 < 2e—16
Makkah 1.317005 3.73 0.006067  217.090 < 2e—16
Najran -1.418835 0.242 0.012205 -116.246 < 2e—16
Northern Borders -1.293206 0.274 0.011611 -111.379 < 2e—16
Al-Qaseem -1.188544 0.305 0.011149 -106.605 < 2e—16
Riyad 1.110032 3.030 0.006212  178.683 < 2e—16
Tabouk 0.662928 1.940 0.006632 99.957 < 2e—16
CoffeeShops:Al-Baha -1.462204 0.232 0.013748 -106.361 < 2e—16
Home:Al-Baha 0.492163 1.640 0.013003 37.850 < 2e—16
PublicPlaces:Al-Baha -0.505082 0.603 0.011160  -45.257 < 2e—16
Workplace:Al-Baha -0.544397 0.580 0.014135  -38.514 < 2e—16
CoffeeShops:Eastern Region 0.033972 1.030 0.009693 3.505  0.000457
Home:FEastern Region 1.930641 6.890 0.010452  184.722 < 2e—16
PublicPlaces:Eastern Region  0.921589 2.510 0.009083  101.468 < 2e—16
Workplace:Eastern Region 1.370590 3.940 0.010080  135.973 < 2e—16
CoffeeShops:Hail -1.120782 0.326 0.020435  -54.845 < 2e—16
Home:Hail 1.592676 4.920 0.017465 91.192 < 2e—16
Public Places:Hail 1.107774 3.030 0.015886 69.732 < 2e—16
Workplace:Hail 0.960770 2.610 0.017562 54.708 < 2e—16
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Table 3.8: Continuation of Table 13

Coefficient Estimate Odds Ratio Std. Error z value Pr(> |z])
CoffeeShops:Jazan -1.378373 0.252 0.010727 -128.492 < 2e—16
Home:Jazan 0.572509 1.770 0.010764 53.188 < 2e—16
PublicPlaces:Jazan -0.385208 0.680 0.009028  -42.666 < 2e—16
Workplace:Jazan -1.205141 0.300 0.013078  -92.150 < 2e—16
CoffeeShops: Al-Jouf -1.484714 0.227 0.015239  -97.432 < 2e—16
Home:Al-Jouf 0.939579 2.560 0.013406 70.089 < 2e—16
Public Places:Al-Jouf 0.462178 1.590 0.011498 40.195 < 2e—16
Workplace:Al-Jouf -0.284860 0.752 0.014719 -19.354 < 2e—16
Coffee Shops:Al-Madinah -0.495863 0.609 0.010000  -49.586 < 2e—16
Home:Al-Madinah 0.494650 1.640 0.011286 43.830 < 2e—16
Public Places:Al-Madinah 0.869081 2.380 0.008995 96.613 < 2e—16
Workplace: Al-Madinah 0.221458 1.250 0.010767 20.568 < 2e—16
Coffee Shops:Makkah -0.978268 0.376 0.007114 -137.517 < 2e—16
Home:Makkah 0.616290 1.850 0.008359 73.725 < 2e—16
Public Places:Makkah -0.016445 0.984 0.006603 -2.490  0.012759
Workplace:Makkah -0.151683 0.859 0.007933  -19.120 < 2e—16
Coffee Shops:Najran 0.170943 1.19 0.013605 12.565 < 2e—16
Home:Najran 0.467930 1.600 0.015895 20439 < 2e—16
PublicPlaces:Najran 0.186749 1.210 0.013139 14213 < 2e-16
Workplace:Najran 0.797157 2.220 0.014352 55.542 < 2e—16
CoffeeShops:Northern Borders — -1.554375 0.211 0.016789  -92.585 < 2e—16
Home:Northern Borders 0.973484 2.650 0.014265 68.244 < 2e—16
PublicPlaces:Northern Borders — 0.174298 1.190 0.012510 13.932 < 2e—16
Workplace:Northern Borders -0.439776 0.644 0.016353 -26.892 < 2e—16
CoffeeShops: Al-Qaseem -0.822238 0.439 0.013876  -59.254 < 2e—16
Home:1-Qaseem 0.498685 1.650 0.014519 34.348 < 2e—16
PublicPlaces: Al-Qaseem 0.866326 2.380 0.011705 74.011 < 2e—16
Workplace: Al-Qaseem 0.535633 1.710 0.013509 39.650 < 2e—16
CoffeeShops:Riyad -1.289284 0.275 0.007503 -171.840 < 2e—16
Home:Riyad 0.538438 1.710 0.008547 63.001 < 2e—16
PublicPlaces:Riyad -0.473634 0.623 0.006838  -69.263 < 2e—16
Workplace:Riyad 0.061316 1.060 0.008043 7.624 2.47¢— 14
CoffeeShops:Tabouk -1.556550 0.211 0.008470 -183.773 < 2e—16
Home:Tabouk 0.390349 1.480 0.009108 42.858 < 2e—16
PublicPlaces: Tabouk -0.442241 0.643 0.007322  -60.399 < 2e—16
Workplace:Tabouk -0.893299 0.409 0.009433  -94.696 < 2e—16
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Table 3.9: Fitting the Multinomial Model to the Male Population Stratified
by Region

Coefficient Estimate Odds Ratio Std. Error =z value Pr(> |z]|)
(Intercept) 9.736370 - 0.007687 1266.552 < 2e—16
CoffeeShops 1.283488 3.610 0.008687  147.744 < 2e—16
Home -0.137236 0.872 0.011264 -12.183 < 2e—16
PublicPlaces 1.679119 5.360 0.008374  200.524 < 2e—16
Workplace 0.523848 1.690 0.009700 54.004 < 2e—16
Al-Baha -0.882562 0.414 0.014210  -62.107 < 2e—16
Fastern Region -0.301527 0.740 0.011789 -25.57 < 2e—16
Hail -1.942371 0.143 0.021709  -89.472 < 2e—16
Jazan 0.012100 1.010 0.010839 1.116 0.264
Al-Jouf -0.947014 0.388 0.014541  -65.127 < 2e—16
Al-Madinah -0.111076 0.895 0.011186 -9.930 < 2e—16
Makkah 1.425124 4.160 0.008562  166.450 < 2e—16
Najran -1.275112 0.279 0.016450  -77.515 < 2e—16
Northern Borders -1.477170 0.228 0.017831  -82.841 < 2e—16
Al-Qaseem -1.030542 0.357 0.014990  -68.747 < 2e—16
Riyad 1.252206 3.500 0.008717  143.649 < 2e—16
Tabouk 0.454475 1.580 0.009829 46.239 < 2e—16
CoffeeShops:Al-Baha -1.173240 0.309 0.018607  -63.053 < 2e—16
Home:Al-Baha 0.426131 1.530 0.019409 21.955 < 2e—16
PublicPlaces:Al-Baha -0.264623 0.767 0.015738  -16.815 < 2e—16
Workplace:Al-Baha -0.548137 0.578 0.019577  -27.998 < 2e—16
CoffeeShops:Eastern Region 0.336741 1.400 0.013083 25.739 < 2e—16
Home:Eastern Region 1.767280 5.850 0.014914  118.498 < 2e—16
PublicPlaces:Eastern Region  1.064642 2.900 0.012456 85473 < 2e—16
Workplace:Eastern Region 1.486480 4,420 0.013590  109.381 < 2e—16
CoffeeShops:Hail -0.997869 0.369 0.028239  -35.336 < 2e—16
Home:Hail 1.473559 4.360 0.025444 57.913 < 2e—16
PublicPlaces:Hail 1.252569 3.500 0.022456 595.778 < 2e—16
Workplace:Hail 0.856141 2.350 0.024698 34.664 < 2e—16
CoffeeShops:Jazan -1.216974 0.296 0.013729  -88.644 < 2e—16
Home:Jazan 0.128675 1.140 0.015625 8.235 < 2e—16
PublicPlaces:Jazan -0.313218 0.731 0.011975  -26.156 < 2e—16
Workplace:Jazan -1.121939 0.326 0.016083  -69.760 < 2e—16
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Table 3.10: Continuation of Table 15

Coefficient Estimate Odds Ratio Std. Error z value Pr(> |z])
CoffeeShops:Al-Jouf -1.055603 0.348 0.018685  -56.496 < 2e—16
Home:Al-Jouf 0.585252 1.800 0.019405 30.160 < 2e—16
PublicPlaces: Al-Jouf 0.527171 1.690 0.015467 34.083 < 2e—-16
Workplace:Al-Jouf -0.201689 0.817 0.018890  -10.677 < 2e—16
CoffeeShops:Al-Madinah -0.332630 0.717 0.012924  -25.738 < 2e—16
Home:Al-Madinah 0.073432 1.080 0.016227 4.525  6.03e—06
PublicPlaces:Al-Madinah 0.763965 2.150 0.011912 64.135 < 2e—16
Workplace:Al-Madinah 0.218960 1.240 0.013840 15.821 < 2e—-16
CoffeeShops:Makkah -0.636972 0.529 0.009855  -64.634 < 2e—16
Home:Makkah 0.392333 1.480 0.012333 31.811 < 2e—16
PublicPlaces:Makkah 0.106611 1.110 0.009312 11.449 < 2e—16
Workplace:Makkah -0.064926 0.937 0.010830 -5.995  2.03e—09
CoffeeShops:Najran 0.430523 1.540 0.018030 23.878 < 2e—16
Home:Najran 0.322092 1.380 0.022676 14.204 < 2e—16
PublicPlaces:Najran 0.442489 1.560 0.017521 25.255 < 2e—16
PlacesWorkplace:Najran 0.808400 2.240 0.019011 42.523 < 2e—16
CoffeeShops:Northern Borders — -1.089073 0.337 0.023398  -46.546 < 2e—16
Home:Northern Borders 1.041600 2.830 0.022148 47.029 < 2e—16
PublicPlaces:Northern Borders — 0.490962 1.630 0.018935 25.929 < 2e-16
Workplace:Northern -0.182064 0.834 0.023171 -7.858  3.92e—15
CoffeeShops: Al-Qaseem -0.617282 0.539 0.018060  -34.180 < 2e—16
Home:Al-Qaseem 0.296154 1.340 0.020827 14.219 < 2e—16
Publi Places:Al-Qaseem 1.110089 3.030 0.015682 70.789 < 2e—16
Workplace: Al-Qaseem 0.455904 1.580 0.017941 25411 < 2e—-16
CoffeeShops:Riyad -1.030973 0.357 0.010271 -100.381 < 2e—16
Home:RegionRiyad 0.337295 1.400 0.012554 26.867 < 2e—16
PublicPlaces:Riyad -0.295591 0.744 0.009552  -30.944 < 2e—16
Workplace:Riyad 0.089246 1.090 0.010961 8.142 3.88e—16
Coffee Shops:Tabouk -0.673391 0.510 0.011548 -58.311 < 2e—16
Home:Tabouk 0.271152 1.310 0.014043 19.309 < 2e—16
Public Places:Tabouk -0.067830 0.934 0.010729 -6.322 2.58¢—10
Workplace: Tabouk -0.145249 0.865 0.012542  -11.581 < 2e—16
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Table 3.11: Fitting the Multinomial Model to the Female Population Strat-
ified by Region

Coefficient Estimate Odds Ratio Std. Error =z value Pr(> |z|)
(Intercept) 9.771612 - 0.007553 1293.733 < 2e—16
Coffee Shops 1.279437 3.590 0.008539  149.830 < 2e—16
Home 0.124750 1.130 0.010364 12.037 < 2e—16
Public Places 1.705479 5.500 0.008211  207.718 < 2e—16
Workplace 0.210040 1.230 0.010163 20.667 < 2e—16
Al-Baha -0.853096 0.426 0.013818  -61.738 < 2e—16
Eastern Region -0.583108 0.558 0.012620  -46.206 < 2e—16
Hail -1.971859 0.139 0.021608  -91.258 < 2e—16
Jazan -0.579232 0.560 0.012604  -45.956 < 2e—16
Al-Jouf -1.286735 0.276 0.016236  -79.251 < 2e—16
Al-Madinah -0.784790 0.456 0.013494  -58.157 < 2e—16
Makkah 1.200218 3.320 0.008616  139.309 < 2e—16
Najran -1.580426 0.206 0.018279  -86.460 < 2e—16
Northern Borders -1.142877 0.319 0.015360  -74.405 < 2e—16
Al-Qaseem -1.369156 0.254 0.016774  -81.624 < 2e—16
Riyad 0.950465 2.590 0.008894  106.867 < 2e—16
Tabouk 0.829836 2.290 0.009051 91.680 < 2e—16
CoffeeShops:Al-Baha -1.840929 0.159 0.021013  -87.609 < 2e—16
Home:Al-Baha 0.534075 1.710 0.017623 30.305 < 2e—16
PublicPlaces:Al-Baha -0.790823 0.453 0.015967  -49.529 < 2e—16
Workplace:Al-Baha -0.534402 0.586 0.020551  -26.003 < 2e—16
CoffeeShops:Eastern Region — -0.572737 0.564 0.015018  -38.137 < 2e—16
Home:Eastern Region 2.100547 8.170 0.014854  141.408 < 2e—16
PublicPlaces:Eastern Region  0.713980 2.040 0.013368 03.408 < 2e—16
Workplace:Eastern Region 1.050345 2.860 0.015313 68.593 < 2e—16
CoffeeShops:Hail -1.260760 2.283 0.029749  -42.380 < 2e—16
Home:Hail 1.678217 5.360 0.024182 69.398 < 2e—16
PublicPlaces:Hail 0.944670 2.570 0.022499 41.987 < 2e—16
Workplace:Hail 1.082777 2.950 0.025012 43.289 < 2e-16
CoffeeShops:Jazan -1.746959 0.174 0.018364  -95.131 < 2e—16
Home:Jazan 1.025031 2.790 0.015539 65.965 < 2e—16
PublicPlaces:Jazan -0.509048 0.601 0.014142  -35.995 < 2e—16
Workplace:Jazan -1.640675 0.194 0.025116  -65.324 < 2e—16
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Table 3.12: Continuation of Table 17

Coefficient Estimate Odds Ratio Std. Error z value Pr(> |z])
CoffeeShops:Al-Jouf -2.795463 0.061 0.034932  -80.027 < 2e—16
Home:Al-Jouf 1.244933 3.470 0.019144 65.031 < 2e—16
PublicPlaces: Al-Jouf 0.374969 1.450 0.017314 21.657 < 2e—16
Workplace:Al-Jouf -0.551689 0.576 0.024506  -22.512 < 2e—16
CoffeeShops:Al-Madinah -0.909915 0.403 0.016864 -53.957 < 2e—16
Home:Al-Madinah 0.970731 2.640 0.016561 58.616 < 2e—16
PublicPlaces: Al-Madinah 1.048326 2.850 0.014157 74.049 < 2e—16
Workplace:Al-Madinah 0.037976 1.040 0.018053 2.104 0.0354
CoffeeShops:Makkah -1.659921 0.190 0.010735 -154.634 < 2e—16
Home:Makkah 0.811201 2.250 0.011460 70.788 < 2e—16
PublicPlaces:Makkah -0.180086 0.835 0.009398 -19.161 < 2e—16
Workplace:Makkah -0.369357 0.691 0.011858  -31.148 2.03e—09
CoffeeShops:Najran 0.430523 0.723 0.018030 23.878 < 2e—16
Home:Najran 0.322092 1.880 0.022676 14.204 < 2e—16
PublicPlaces:Najran 0.442489 0.763 0.017521 25.255 < 2e—16
Workplace:Najran 0.808400 2.030 0.019011 42523 < 2e—16
CoffeeShops:Northern Borders — -1.089073 0.125 0.023398  -46.546 < 2e—16
Home:Northern Borders 1.041600 2.460 0.022148 47.029 < 2e—16
PublicPlaces:Northern Borders — 0.490962 0.888 0.018935 25.929 < 2e—-16
Workplace:Northern Borders -0.182064 0.498 0.023171 -7.858  3.92e—15
CoffeeShops: Al-Qaseem -1.193510 0.303 0.022429  -53.212 < 2e—16
Home:Al-Qaseem 0.711139 2.040 0.020711 34.336 < 2e—16
PublicPlaces: Al-Qaseem 0.421598 1.520 0.017846 23.625 < 2e—16
Workplace: Al-Qaseem 0.602435 1.83 0.020668 29.149 < 2e—-16
CoffeeShops:Riyad -1.778700 0.169 0.011459 -155.226 < 2e—16
Home:Riyad 0.739664 2.100 0.011779 62.794 < 2e—16
PublicPlaces:Riyad -0.752384 0.471 0.009898  -76.015 < 2e—16
Workplace:Riyad -0.060145 0.942 0.012014 -5.006  5.55e—07
CoffeeShops:Tabouk -4.439565 0.012 0.026159 -169.713 < 2e—16
Home:Tabouk 0.412034 1.510 0.012117 34.003 < 2e—16
Public Places:Tabouk -0.795162 0.452 0.010115  -78.615 < 2e—16
Workplace:Tabouk 3.962421 0.019 0.034476 -114.932 < 2e—16
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Table 3.13: Fitting the Multinomial Model to the Entire Population Strati-
fied by Age Group

Coefficient Estimate Odds Ratio Std. Error z value Pr(> |z|)
(Intercept) 11.120357 - 0.003848 2889.838 < 2e-16
Coffee Shops -0.086888 0.917 0.005564  -15.616 < 2e-16
Home 1.063353 2.900 0.004463  238.245 < 2e-16
Public Places 1.626006 5.080 0.004210  386.262 < 2e-16
Workplace -0.096479 0.908 0.005578  -17.296 < 2e-16
15-19 0.237177 1.270 0.005147 46.083 < 2e-16
20-24 0.284850 1.330 0.005094 55.923 < 2e-16
25-29 0.215521 1.240 0.005172 41.675 < 2e-16
30-34 0.104780 1.110 0.005305 19.751 < 2e-16
35-39 0.157074 1.170 0.005241 29.973 < 2e-16
40-44 -0.139242 0.870 0.005642  -24.681 < 2e-16
45-49 -0.206087 0.814 0.005745  -35.873 < 2e-16
50-54 -0.987386 0.373 0.007386 -133.681 < 2e-16
55-59 -1.166461 0.311 0.007896  -147.725 < 2e-16
60-64 -1.368390 0.255 0.008543 -160.171 < 2e-16
65+ -1.420762 0.242 0.008724 -162.848 < 2e-16
CoffeeShops:15-19 0.278264 1.320 0.007231 38.482 < 2e-16
Home:15-19 -0.374203 0.688 0.006121  -61.135 < 2e-16
Public Places:15-19  -0.082694 0.921 0.005648  -14.642 < 2e-16
Workplace:15-19 -0.133189 0.875 0.007582  -17.565 < 2e-16
CofteeShops:20-24 0.592080 1.810 0.006987 84.741 < 2e-16
Home:20-24 -0.393040 0.675 0.006063  -64.830 < 2e-16
PublicPlaces:20-24  -0.008327 0.992 0.005574 -1.494 0.13518
Workplace:20-24 0.442380 1.560 0.007080 62.479 < 2e-16
CoffeeShops:25-29 0.526015 1.690 0.007113 73.954 < 2e-16
Home:25-29 -0.241262 0.786 0.006091  -39.607 < 2e-16
PublicPlaces:25-29 0.198207 1.220 0.005620 35.269 < 2e-16
Workplace:25-29 1.077916 2.940 0.006894  156.358 < 2e-16
CoffeeShops:30-34 0.692446 2.000 0.007181 96.422 < 2e-16
Home:30-34 -0.057427 0.944 0.006175 -9.300 < 2e-16
PublicPlaces:30-34 0.333286 1.400 0.005739 58.075 < 2e-16
Workplace:30-34 1.252045 3.500 0.006975  179.508 < 2e-16
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Table 3.14: Continuation of Table 19

Coefficient Estimate Odds Ratio Std. Error z value Pr(> |z|)
CoffeeShops:35-39 0.766164 2.150 0.007073  108.318 < 2e-16
Home:35-39 -0.150495 0.860 0.006136  -24.525 < 2e-16
PublicPlaces:35-39 0.411221 1.510 0.005659  72.665 < 2e-16
Workplace:35-39 1.424437 4.160 0.006865 207.501 < 2e-16
CoffeeShops:40-44 0.900232 2.460 0.007452  120.811 < 2e-16
Home:40-44 0.040404 1.040 0.006526 6.191 5.96¢e-10
PublicPlaces:40-44 0.659907 1.930 0.006039  109.271 < 2e-16
Workplace:40-44 1.512789 4.540 0.007229  209.254 < 2e-16
CoffeeShops:45-49 0.602487 1.830 0.007747  T77.766 < 2e-16
Home:45-49 -0.159332 0.853 0.006744  -23.625 < 2e-16
PublicPlaces:45-49 0.434844 1.540 0.006183  70.3242 < 2e-16
Workplace:45-49 1.374680 3.950 0.007374 186.414 < 2e-16
CoffeeShops:50-54 0.986255 2.680 0.009321 105.812 < 2e-16
Home:50-54 0.189518 1.210 0.008428 22.488 < 2e-16
PublicPlaces:50-54 0.841247 2.320 0.007800  107.853 < 2e-16
Workplace:50-54 1.762477 5.830 0.008853  199.083 < 2e-16
CoffeeShops:55-59 0.843647 2.320 0.010040  84.026 < 2e-16
Home:55-59 -0.093650 0.911 0.009246  -10.129 < 2e-16
PublicPlaces:55-59 0.685694 1.990 0.008365  81.971 < 2e-16
Workplace:55-59 1.484056 4.410 0.009515 155.977 < 2e-16
CoffeeShops:60-64 0.414796 1.510 0.011448  36.233 < 2e-16
Home:60-64 -0.515777 0.597 0.010571  -48.791 < 2e-16
Public Places:60-64  0.411622 1.510 0.009137  45.050 < 2e-16
Workplace:60-64 1.048274 2.850 0.010571 99.161 < 2e-16
CoffeeShops:65+ 0.568639 1.770 0.011408  49.846 < 2e-16
Home:65+ 0.028822 1.030 0.010089 2.857 0.00428
PublicPlaces:65+ 0.578542 1.780 0.009262  62.462 < 2e-16
Workplace:65+ 0.778777 2.180 0.011109  70.103 < 2e-16
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Table 3.15: Fitting the Multinomial Model to the Male Population Stratified

by Age Group

Coefficient Estimate Odds Ratio Std. Error z value Pr(> |z|)
(Intercept) 10.431996 - 0.005429  1921.527 < 2e-16
CoffeeShops -0.094423 0.910 0.007866 -12.005 < 2e-16
Home 1.066962 2.910 0.006294 169.520 < 2e-16
PublicPlaces 1.689526 5.420 0.005909 285.928 < 2e-16
Workplace -0.189361 0.827 0.008068  -23.471 < 2e-16
15-19 0.509168 1.660 0.006869 74.122 < 2e-16
20-24 0.554195 1.740 0.006812 81.351 < 2e-16
25-29 0.252947 1.290 0.007236 34.956 < 2e-16
30-34 0.183534 1.200 0.007349 24.974 < 2e-16
35-39 0.192424 1.210 0.007334 26.237 < 2e-16
40-44 -0.091351 0.913 0.007859 -11.623 < 2e-16
45-49 -0.158118 0.854 0.008000 -19.765 < 2e-16
50-54 -0.709491 0.492 0.009455 -75.040 < 2e-16
55-59 -0.995955 0.369 0.010453 -95.277 < 2e-16
60-64 -1.188511 0.305 0.011235 -105.7911 < 2e-16
65+ -1.253146 0.286 0.011518  -108.795 < 2e-16
CoffeeShops:15-19 0.358464 1.430 0.009653 37.1342 < 2e-16
Home:15-19 -0.663631 0.515 0.008316 -79.798 < 2e-16
PublicPlaces:15-19  -0.231108 0.794 0.007533 -30.679 < 2e-16
Workplace:15-19 -0.199695 0.819 0.010438 -19.132 < 2e-16
CoffeeShops:20-24 0.795851 2.220 0.009338 85.227 < 2e-16
Home:20-24 -0.704949 0.494 0.008267 -85.275 < 2e-16
PublicPlaces:20-24  -0.064342 0.938 0.007429 -8.661 < 2e-16
Workplace:20-24 0.605243 1.830 0.009654 62.694 < 2e-16
CoffeeShops:25-29 0.961636 2.620 0.009714 98.991 < 2e-16
Home:25-29 -0.347457 0.706 0.008582  -40.488 < 2e-16
PublicPlaces:25-29  0.380782 1.460 0.007790 48.879 < 2e-16
Workplace:25-29 1.626946 5.090 0.009665 168.331 < 2e-16
CoffeeShops:30-34 1.053864 2.870 0.009788 107.673 < 2e-16
Home:30-34 -0.128915 0.879 0.008588 -15.012 0 < 2e-16
PublicPlaces:30-34  0.478991 1.610 0.007890  60.7085 < 2e-16
Workplace:30-34 1.827007 6.220 0.009716 188.047 < 2e-16
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Table 3.16: Continuation of Table 21

Coefficient Estimate Odds Ratio Std. Error z value Pr(> |z|)
CoffeeShops:35-39 1.188307 3.280 0.009712  122.353 < 2e-16
Home:35-39 -0.150064 0.861 0.008582  -17.486 < 2e-16
PublicPlaces:35-39  0.652184 1.920 0.007847  83.117 < 2e-16
Workplace:35-39 2.051108 7.780 0.009653  212.477 < 2e-16
CoffeeShops:40-44 1.262826 3.540 0.010208 123.712 < 2e-16
Home:40-44 0.013455 1.010 0.009103 1.478 0.139
PublicPlaces:40-44  0.915520 2.500 0.008342 109.743 < 2e-16
Workplace:40-44 2.126630 8.390 0.010101  210.527 < 2e-16
CoffeeShops:45-49 1.031730 2.810 0.010484  98.411 < 2e-16
Home:45-49 -0.225710 0.798 0.009435  -23.922 < 2e-16
PublicPlaces:45-49  0.737054 2.090 0.008514  86.570 < 2e-16
Workplace:45-49 1.999298 7.380 0.010260  194.864 < 2e-16
CoffeeShops:50-54 1.256473 3.510 0.011855  105.990 < 2e-16
Home:50-54 0.079558 1.080 0.010889 7.306  2.75e-13
PublicPlaces:50-54  0.947312 2.580 0.009956  95.149 < 2e-16
Workplace:50-54 2.117472 8.310 0.011564  183.109 < 2e-16
CoffeeShops:55-59 1.192211 3.290 0.012972 91.904 < 2e-16
Home:55-59 -0.131639 0.877 0.012277  -10.722 < 2e-16
PublicPlaces:55-59  0.889733 2.430 0.010989  80.964 < 2e-16
Workplace:55-59 1.961580 7.110 0.012588  155.833 < 2e-16
CoffeeShops:60-64 0.665376 1.950 0.014604  45.563 < 2e-16
Home:60-64 -0.867726 0.420 0.014684  -59.093 < 2e-16
PublicPlaces:60-64 0.512075 1.670 0.011931 42.918 < 2e-16
Workplace:60-64 1.432445 4.190 0.013775  103.991 < 2e-16
CoffeeShops:65+ 0.487009 1.630 0.015322  31.785 < 2e-16
Home:65+ -0.106660 0.899 0.013502 -7.899  2.80e-15
PublicPlaces:65+ 0.616809 1.850 0.012182  50.634 < 2e-16
Workplace:65+ 0.891140 2.440 0.014814  60.156 < 2e-16
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Table 3.17: Fitting the Multinomial Model to the Female Population Strat-

ified by Age Group

Coefficient Estimate Odds Ratio Std. Error z value Pr(> |z|)
(Intercept) 10.422400 - 0.005455 1910.571 < 2e-16
Coffee Shops -0.079336 0.924 0.007872  -10.078 < 2e-16
Home 1.059695 2.890 0.006330  167.403 < 2e-16
Public Places 1.557499 4.750 0.006002  259.485 < 2e-16
Workplace -0.010711 0.989 0.007735 -1.385 0.16617
15-19 0.176257 0.868 0.007396 23.830 < 2e-16
20-24 -0.089243 0.915 0.007893  -11.307 < 2e-16
25-29 0.176257 1.190 0.007396 23.830 < 2e-16
30-34 0.018428 1.020 0.007679 2.400 0.01641
35-39 0.120069 1.130 0.007493 16.023 < 2e-16
40-44 -0.190041 0.827 0.008108  -23.438 < 2e-16
45-49 -0.256972 0.773 0.008261  -31.108 < 2e-16
50-54 -1.378115 0252 0.012158 -113.348 < 2e-16
55-59 -1.374344 0.253 0.012140 -113.209 < 2e-16
60-64 -1.590250 0.204 0.013256  -119.964 < 2e-16
65+ -1.624399 0.197 0.013446 -120.810 < 2e-16
CoffeeShops:15-19 0.112961 1.120 0.011377 9.929 < 2e-16
Home:15-19 0.022421 1.020 0.009273 2.418 0.01561
PublicPlaces:15-19  0.132159 1.140 0.008755  15.0952 < 2e-16
Workplace:15-19 0.032022 1.030 0.011301 2.834 0.00460
CofteeShops:20-24 0.045687 1.050 0.011321 4.036 5.44e-05
Home:20-24 0.022560 1.020 0.009145 2.467 0.01363
PublicPlaces:20-24  0.045600 1.050 0.008667 5.262 1.43e-07
Workplace:20-24 0.206632 1.230 0.010914 18.932 < 2e-16
CoffeeShops:25-29  -0.354932 0.701 0.011200  -31.690 < 2e-16
Home:25-29 -0.136596 0.872 0.008656  -15.780 < 2e-16
PublicPlaces:25-29  -0.095931 0.909 0.008171  -11.741 < 2e-16
Workplace:25-29 -0.002297 0.998 0.010491 -0.219 0.82666
CoffeeShops:30-34  -0.019589 0.981 0.011110 -1.763 0.07789
Home:30-34 0.021481 1.020 0.008899 2.414 0.01579
PublicPlaces:30-34  0.077243 1.080 0.008423 9.171 < 2e-16
Workplace:30-34 -0.171932 0.842 0.011141  -15.432 < 2e-16
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Table 3.18: Continuation of Table 23

Coefficient Estimate Odds Ratio Std. Error z value Pr(> |z|)
CoffeeShops:35-39 -0.057053 0.945 0.010891 -5.239  1.62e-07
Home:35-39 -0.151241 0.860 0.008781 -17.224 < 2e-16
PublicPlaces:35-39  -0.008555 0.991 0.008248  -1.037 0.29965
Workplace:35-39 -0.112159 0.894 0.010774  -10.411 < 2e-16
CoffeeShops:40-44 0.248296 1.280 0.011329  21.916 < 2e-16
Home:40-44 0.069444 1.070 0.009364 7416  1.21e-13
PublicPlaces:40-44 0.185536 1.200 0.008849  20.966 < 2e-16
Workplace:40-44 -0.007740 0.992 0.011510  -0.672 0.50130
CoffeeShops:45-49 -0.283697 0.753 0.012481 -22.731 < 2e-16
Home:45-49 -0.090067 0.914 0.009651 -9.332 < 2e-16
PublicPlaces:45-49  -0.174211 0.840 0.009174  -18.991 < 2e-16
Workplace:45-49 -0.235652 0.790 0.012147  -19.401 < 2e-16
CoffeeShops:50-54 0.082401 1.090 0.017255 4.775 1.79e-06
Home:50-54 0.374490 1.450 0.013648  27.439 < 2e-16
Public Places:50-54  0.456963 1.580 0.013032  35.064 < 2e-16
Workplace:50-54 0.783973 2.190 0.015244  51.427 < 2e-16
CoffeeShops:55-59 -0.077759 0.925 0.017811 -4.366  1.27e-05
Home:55-59 -0.041380 0.959 0.014148  -2.925 0.00345
PublicPlaces:55-59 0.152390 1.160 0.013226 11.522 < 2e-16
Workplace:55-59 0.222451 1.250 0.016512 13.472 < 2e-16
CoffeeShops:60-64 -0.129101 0.879 0.019691 -6.556 5.51e-11
Home:60-64 -0.144835 0.865 0.015637  -9.263 < 2e-16
PublicPlaces:60-64 0.166997 1.180 0.014423 11.579 < 2e-16
Workplace:60-64 0.248719 1.280 0.017912  13.885 < 2e-16
CoffeeShops:65+ 0.678735 1.970 0.017203  39.454 < 2e-16
Home:65+ 0.198684 1.220 0.015298  12.988 < 2e-16
PublicPlaces:65+ 0.476483 1.610 0.014381  33.132 < 2e-16
Workplace:65+ 0.663797 1.940 0.017014  39.015 < 2e-16
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3.5 Discussion of Results

We fitted the Poisson regression model specified in Equation (3.1) to various combina-
tions of categories involving smoking and each of the background characteristics: Age,
place of exposure, and region. For the Poisson regression, two models were considered:
the additive model (without the interaction term in Equation (3.2)), also referred to
as the null model, and the multiplicative model (Equation (3.1)), known as the full
model. The additive model, analogous to the chi-square test for independence, is use-
ful for determining whether an association exists between the categories. On the other
hand, the multiplicative model provides deeper insights into the nature of these rela-
tionships. Both models were fitted; however, for simplicity, only the complete results
for the multiplicative model are reported. Furthermore, the multiplicative models pre-
sented in Tables 13-24 explored the suggested association between age and region by
comparing smoking prevalence within the five exposure places. The analysis results,

as presented in Tables 13-24, are discussed in the following sections.

Regions (Entire population)

In terms of smoking likelihood, smoking in coffee shops is about 3.60 times more likely
than smoking in a car. There is no significant difference between the odds of smoking
at home and in the car. Smoking is most prevalent in public places by about 5.43

times compared to smoking in cars. Workplaces are about 1.46 times more likely to
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smoke than those in a car. The likelihood of smoking in Al-Baha is about 0.42 times
less likely than in Aseer. Smoking in the Eastern region is about 0.65 times less likely
than in Aseer. Smoking in Hail is about 0.14 times less likely than in Aseer. Smoking
in Jazan is about 0.78 times less likely than in Aseer. Smoking in Al-Jouf is about
0.33 times less likely than in Aseer, while smoking in Al-Madinah is about 0.67 times
less likely than in Aseer. Smoking in Makkah is about 3.73 times more likely than in
Aseer. Smoking in Najran is about 0.24 times less likely than in Aseer. Smoking in
the Northern Borders is about 0.27 times less likely than in Aseer. Smoking in Al-
Qassem is about 0.31 times less likely than in Aseer. Smoking in Riyadh is about 3.03
times more likely than in Aseer. Smoking in Tabouk is about 1.94 times more likely
than in Aseer. The odds of smoking in coffee shops among individuals in Al-Baha are
approximately 0.23 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer.

The odds of smoking at home among individuals in Al-Baha are approximately 1.64
times higher than the odds of smoking in a car by someone in the same region compared
to individuals in Aseer. The odds of smoking in public places among individuals in
Al-Baha are approximately 0.60 times lower than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking
in workplaces among individuals in Al-Baha are approximately 0.58 times lower than
the odds of smoking in a car by someone in the same region compared to individuals
in Aseer.

The odds of smoking in coffee shops among individuals in the Eastern region are

approximately 1.03 times higher than the odds of smoking in a car by someone in the
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same region compared to individuals in Aseer. The odds of smoking at home among
individuals in the Eastern region are approximately 6.89 times higher than the odds
of smoking in a car by someone in the same region compared to individuals in Aseer.
The odds of smoking in public places among individuals in the Eastern region are
approximately 2.51 times higher than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer. The odds of smoking in workplaces
among individuals in the Eastern region are approximately 3.94 times higher than the
odds of smoking in a car by someone in the same region compared to individuals in
Aseer.

The odds of smoking in coffee shops among individuals in Hail are approximately
0.33 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals in
Hail are approximately 4.92 times higher than the odds of smoking in a car by someone
in the same region compared to individuals in Aseer. The odds of smoking in public
places among individuals in Hail are approximately 3.03 times higher than the odds of
smoking in a car by someone in the same region compared to individuals in Aseer. The
odds of smoking in workplaces among individuals in Hail are approximately 2.61 times
higher than the odds of smoking in a car by someone in the same region compared to
individuals in Aseer.

The odds of smoking in coffee shops among individuals in Jazan are approximately 0.25
times lower than the odds of smoking in a car by someone in the same region compared
to individuals in Aseer. The odds of smoking at home among individuals in Jazan

are approximately 1.77 times higher than the odds of smoking in a car by someone
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in the same region compared to individuals in Aseer. The odds of smoking in public
places among individuals in Jazan are approximately 0.68 times lower than the odds
of smoking in a car by someone in the same region compared to individuals in Aseer.
The odds of smoking in workplaces among individuals in Jazan are approximately
0.30 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Al-Jouf are approximately
0.23 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Al-Jouf are approximately 2.56 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking in
public places among individuals in Al-Jouf are approximately 1.59 times higher than
the odds of smoking in a car by someone in the same region compared to individuals
in Aseer. The odds of smoking in workplaces among individuals in Al-Jouf are ap-
proximately 0.75 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Al-Madinah are approxi-
mately 0.61 times lower than the odds of smoking in a car by someone in the same
region compared to individuals in Aseer. The odds of smoking at home among indi-
viduals in Al-Madinah are approximately 1.64 times higher than the odds of smoking
in a car by someone in the same region compared to individuals in Aseer. The odds
of smoking in public places among individuals in Al-Madinah are approximately 2.38

times higher than the odds of smoking in a car by someone in the same region com-
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pared to individuals in Aseer. The odds of smoking in workplaces among individuals
in Al-Madinah are approximately 1.25 times higher than the odds of smoking in a car
by someone in the same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Makkah are approximately
0.38 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Makkah are approximately 1.85 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking in
public places among individuals in Makkah are approximately 0.98 times lower than
the odds of smoking in a car by someone in the same region compared to individu-
als in Aseer. The odds of smoking in workplaces among individuals in Makkah are
approximately 0.86 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Najran are approximately
1.19 times higher than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Najran are approximately 1.60 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking in
public places among individuals in Najran are approximately 1.21 times higher than
the odds of smoking in a car by someone in the same region compared to individuals
in Aseer. The odds of smoking in workplaces among individuals in Najran are approx-
imately 2.22 times higher than the odds of smoking in a car by someone in the same

region compared to individuals in Aseer.
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The odds of smoking in coffee shops among individuals in Northern Borders are ap-
proximately 0.21 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer. The odds of smoking at home among
individuals in Northern Borders are approximately 2.65 times higher than the odds
of smoking in a car by someone in the same region compared to individuals in Aseer.
The odds of smoking in public places among individuals in Northern Borders are ap-
proximately 1.19 times higher than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer. The odds of smoking in workplaces
among individuals in Northern Borders are approximately 0.64 times lower than the
odds of smoking in a car by someone in the same region compared to individuals in
Aseer.

The odds of smoking in coffee shops among individuals in Al-Qaseem are approxi-
mately 0.44 times lower than the odds of smoking in a car by someone in the same
region compared to individuals in Aseer. The odds of smoking at home among indi-
viduals in Al-Qaseem are approximately 1.65 times higher than the odds of smoking
in a car by someone in the same region compared to individuals in Aseer. The odds
of smoking in public places among individuals in Al-Qaseem are approximately 2.38
times higher than the odds of smoking in a car by someone in the same region com-
pared to individuals in Aseer. The odds of smoking in workplaces among individuals
in Al-Qaseem are approximately 1.71 times higher than the odds of smoking in a car
by someone in the same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Riyadh are approximately

0.28 times lower than the odds of smoking in a car by someone in the same region
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compared to individuals in Aseer. The odds of smoking at home among individuals
in Riyadh are approximately 1.71 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking
in public places among individuals in Riyadh are approximately 0.62 times lower than
the odds of smoking in a car by someone in the same region compared to individuals
in Aseer. The odds of smoking in workplaces among individuals in Riyadh are ap-
proximately 1.06 times higher than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Tabouk are approximately
0.21 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Tabouk are approximately 1.48 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking in
public places among individuals in Tabouk are approximately 0.64 times lower than
the odds of smoking in a car by someone in the same region compared to individu-
als in Aseer. The odds of smoking in workplaces among individuals in Tabouk are
approximately 0.41 times lower than the odds of smoking in a car by someone in the

same region compared to individuals in Aseer.

Regions (Male population)

In terms of smoking likelihood, smoking in coffee shops is about 3.61 times more likely
than smoking in a car. Smoking at home is about 0.87 times less likely than smoking

in a car. Smoking is most prevalent in public places by about 5.36 times compared to
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smoking in a car. Workplaces are about 1.69 times more likely to smoke than those
in a car.

The likelihood of smoking in Al-Baha is about 0.41 times less likely than in Aseer.
Smoking in the Eastern region is about 0.74 times less likely than in Aseer. Smoking
in Hail is about 0.14 times less likely than in Aseer. There are no significant differences
between the odds of smoking in a car among Jazan and Aseer. Smoking in Al-Jouf
is about 0.39 times less likely than in Aseer while smoking in Al-Madinah is about
0.90 times less likely than in Aseer. Smoking in Makkah is about 4.16 times more
likely than in Aseer. Smoking in Najran is about 0.28 times less likely than in Aseer.
Smoking in Northern Borders is about 0.23 times less likely than in Aseer. Smoking in
Al-Qassem is about 0.36 times less likely than in Aseer. Smoking in Riyadh is about
3.50 times more likely than in Aseer. Smoking in Tabouk is about 1.58 times more
likely than in Aseer.

The odds of smoking in coffee shops among individuals in Al-Baha are approximately
0.31 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Al-Baha are approximately 1.53 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking in
public places among individuals in Al-Baha are approximately 0.77 times lower than
the odds of smoking in a car by someone in the same region compared to individu-
als in Aseer. The odds of smoking in workplaces among individuals in Al-Baha are
approximately 0.58 times lower than the odds of smoking in a car by someone in the

same region compared to individuals in Aseer.

119



The odds of smoking in coffee shops among individuals in the eastern region are
approximately 1.40 times higher than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer. The odds of smoking at home among
individuals in the Eastern region are approximately 5.85 times higher than the odds
of smoking in a car by someone in the same region compared to individuals in Aseer.
The odds of smoking in public places among individuals in the eastern region are
approximately 2.90 times higher than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer. The odds of smoking in workplaces
among individuals in the eastern region are approximately 4.42 times higher than the
odds of smoking in a car by someone in the same region compared to individuals in
Aseer.

The odds of smoking in coffee shops among individuals in Hail are approximately
0.37 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals in
Hail are approximately 4.36 times higher than the odds of smoking in a car by someone
in the same region compared to individuals in Aseer. The odds of smoking in public
places among individuals in Hail are approximately 3.50 times higher than the odds of
smoking in a car by someone in the same region compared to individuals in Aseer. The
odds of smoking in workplaces among individuals in Hail are approximately 2.35 times
higher than the odds of smoking in a car by someone in the same region compared to
individuals in Aseer.

The odds of smoking in coffee shops among individuals in Jazan are approximately 0.30

times lower than the odds of smoking in a car by someone in the same region compared
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to individuals in Aseer. The odds of smoking at home among individuals in Jazan
are approximately 1.14 times higher than the odds of smoking in a car by someone
in the same region compared to individuals in Aseer. The odds of smoking in public
places among individuals in Jazan are approximately 0.73 times lower than the odds
of smoking in a car by someone in the same region compared to individuals in Aseer.
The odds of smoking in workplaces among individuals in Jazan are approximately
0.33 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Al-Jouf are approximately
0.35 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Al-Jouf are approximately 1.80 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking in
public places among individuals in Al-Jouf are approximately 1.69 times higher than
the odds of smoking in a car by someone in the same region compared to individuals
in Aseer. The odds of smoking in workplaces among individuals in Al-Jouf are ap-
proximately 0.82 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Al-Madinah are approxi-
mately 0.72 times lower than the odds of smoking in a car by someone in the same
region compared to individuals in Aseer. The odds of smoking at home among indi-
viduals in Al-Madinah are approximately 1.08 times higher than the odds of smoking

in a car by someone in the same region compared to individuals in Aseer. The odds
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of smoking in public places among individuals in Al-Madinah are approximately 2.15
times higher than the odds of smoking in a car by someone in the same region com-
pared to individuals in Aseer. The odds of smoking in workplaces among individuals
in Al-Madinah are approximately 1.24 times higher than the odds of smoking in a car
by someone in the same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Makkah are approximately
0.53 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Makkah are approximately 1.48 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking
in public places among individuals in Makkah are approximately 1.11 times higher
than the odds of smoking in a car by someone in the same region compared to indi-
viduals in Aseer. The odds of smoking in workplaces among individuals in Makkah
are approximately 0.94 times lower than the odds of smoking in a car by someone in
the same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Najran are approximately
1.54 times higher than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Najran are approximately 1.38 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking in
public places among individuals in Najran are approximately 1.56 times higher than
the odds of smoking in a car by someone in the same region compared to individuals

in Aseer. The odds of smoking in workplaces among individuals in Najran are approx-
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imately 2.24 times higher than the odds of smoking in a car by someone in the same
region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Northern Borders are ap-
proximately 0.34 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer. The odds of smoking at home among
individuals in Northern Borders are approximately 2.83 times higher than the odds
of smoking in a car by someone in the same region compared to individuals in Aseer.
The odds of smoking in public places among individuals in Northern Borders are ap-
proximately 1.63 times higher than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer. The odds of smoking in workplaces
among individuals in Northern Borders are approximately 0.83 times lower than the
odds of smoking in a car by someone in the same region compared to individuals in
Aseer.

The odds of smoking in coffee shops among individuals in Al-Qaseem are approxi-
mately 0.54 times lower than the odds of smoking in a car by someone in the same
region compared to individuals in Aseer. The odds of smoking at home among indi-
viduals in Al-Qaseem are approximately 1.34 times higher than the odds of smoking
in a car by someone in the same region compared to individuals in Aseer. The odds
of smoking in public places among individuals in Al-Qaseem are approximately 3.03
times higher than the odds of smoking in a car by someone in the same region com-
pared to individuals in Aseer. The odds of smoking in workplaces among individuals
in Al-Qaseem are approximately 1.58 times higher than the odds of smoking in a car

by someone in the same region compared to individuals in Aseer.
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The odds of smoking in coffee shops among individuals in Riyadh are approximately
0.36 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Riyadh are approximately 1.40 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking
in public places among individuals in Riyadh are approximately 0.74 times lower than
the odds of smoking in a car by someone in the same region compared to individuals
in Aseer. The odds of smoking in workplaces among individuals in Riyadh are ap-
proximately 1.09 times higher than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Tabouk are approximately
0.51 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Tabouk are approximately 1.31 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking in
public places among individuals in Tabouk are approximately 0.93 times lower than
the odds of smoking in a car by someone in the same region compared to individu-
als in Aseer. The odds of smoking in workplaces among individuals in Tabouk are
approximately 0.87 times lower than the odds of smoking in a car by someone in the

same region compared to individuals in Aseer.
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Regions (Female population)

In terms of smoking likelihood, smoking in coffee shops is about 3.59 times more likely
than smoking in a car. Smoking at home is about 1.13 times less likely than smoking
in a car. Smoking is most prevalent in public places by about 5.50 times compared to
smoking in a car. Workplaces are about 1.23 times more likely to smoke than those
in a car.

The likelihood of smoking in Al-Baha is about 0.43 times less likely than in Aseer.
Smoking in the Eastern region is about 0.56 times less likely than in Aseer. Smoking
in Hail is about 0.14 times less likely than in Aseer. Smoking in Jazan is about 0.56
times less likely than in Aseer. Smoking in Al-Jouf is about 0.28 times less likely than
in Aseer, while smoking in Al-Madinah is about 0.46 times less likely than in Aseer.
Smoking in Makkah is about 3.32 times more likely than in Aseer. Smoking in Najran
is about 0.21 times less likely than in Aseer. Smoking in the Northern Borders is
about 0.32 times less likely than in Aseer. Smoking in Al-Qassem is about 0.25 times
less likely than in Aseer. Smoking in Riyadh is about 2.59 times more likely than in
Aseer. Smoking in Tabouk is about 2.29 times more likely than in Aseer.

The odds of smoking in coffee shops among individuals in Al-Baha are approximately
0.16 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Al-Baha are approximately 1.71 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking in

public places among individuals in Al-Baha are approximately 0.45 times lower than
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the odds of smoking in a car by someone in the same region compared to individu-
als in Aseer. The odds of smoking in workplaces among individuals in Al-Baha are
approximately 0.59 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in the Eastern region are
approximately 0.56 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer. The odds of smoking at home among
individuals in the Eastern region are approximately 8.17 times higher than the odds
of smoking in a car by someone in the same region compared to individuals in Aseer.
The odds of smoking in public places among individuals in the Eastern region are
approximately 2.04 times higher than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer. The odds of smoking in workplaces
among individuals in the Eastern region are approximately 2.86 times higher than the
odds of smoking in a car by someone in the same region compared to individuals in
Aseer.

The odds of smoking in coffee shops among individuals in Hail are approximately
2.28 times higher than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals in
Hail are approximately 5.36 times higher than the odds of smoking in a car by someone
in the same region compared to individuals in Aseer. The odds of smoking in public
places among individuals in Hail are approximately 2.57 times higher than the odds of
smoking in a car by someone in the same region compared to individuals in Aseer. The

odds of smoking in workplaces among individuals in Hail are approximately 2.95 times
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higher than the odds of smoking in a car by someone in the same region compared to
individuals in Aseer.

The odds of smoking in coffee shops among individuals in Jazan are approximately 0.17
times lower than the odds of smoking in a car by someone in the same region compared
to individuals in Aseer. The odds of smoking at home among individuals in Jazan
are approximately 2.79 times higher than the odds of smoking in a car by someone
in the same region compared to individuals in Aseer. The odds of smoking in public
places among individuals in Jazan are approximately 0.60 times lower than the odds
of smoking in a car by someone in the same region compared to individuals in Aseer.
The odds of smoking in workplaces among individuals in Jazan are approximately
0.19 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Al-Jouf are approximately
0.06 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Al-Jouf are approximately 3.47 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking in
public places among individuals in Al-Jouf are approximately 1.45 times higher than
the odds of smoking in a car by someone in the same region compared to individuals
in Aseer. The odds of smoking in workplaces among individuals in Al-Jouf are ap-
proximately 0.58 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Al-Madinah are approxi-
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mately 0.40 times lower than the odds of smoking in a car by someone in the same
region compared to individuals in Aseer. The odds of smoking at home among indi-
viduals in Al-Madinah are approximately 2.64 times higher than the odds of smoking
in a car by someone in the same region compared to individuals in Aseer. The odds
of smoking in public places among individuals in Al-Madinah are approximately 2.85
times higher than the odds of smoking in a car by someone in the same region com-
pared to individuals in Aseer. The odds of smoking in workplaces among individuals
in Al-Madinah are approximately 1.04 times higher than the odds of smoking in a car
by someone in the same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Makkah are approximately
0.19 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Makkah are approximately 2.25 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking in
public places among individuals in Makkah are approximately 0.84 times lower than
the odds of smoking in a car by someone in the same region compared to individu-
als in Aseer. The odds of smoking in workplaces among individuals in Makkah are
approximately 0.69 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Najran are approximately
0.72 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals

in Najran are approximately 1.88 times higher than the odds of smoking in a car by
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someone in the same region compared to individuals in Aseer. The odds of smoking
in public places among individuals in Najran are approximately 0.76 times lower than
the odds of smoking in a car by someone in the same region compared to individuals
in Aseer. The odds of smoking in workplaces among individuals in Najran are approx-
imately 2.03 times higher than the odds of smoking in a car by someone in the same
region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Northern Borders are ap-
proximately 0.13 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer. The odds of smoking at home among
individuals in Northern Borders are approximately 2.46 times higher than the odds
of smoking in a car by someone in the same region compared to individuals in Aseer.
The odds of smoking in public places among individuals in Northern Borders are ap-
proximately 0.89 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer. The odds of smoking in workplaces
among individuals in Northern Borders are approximately 0.50 times lower than the
odds of smoking in a car by someone in the same region compared to individuals in
Aseer.

The odds of smoking in coffee shops among individuals in Al-Qaseem are approxi-
mately 0.30 times lower than the odds of smoking in a car by someone in the same
region compared to individuals in Aseer. The odds of smoking at home among indi-
viduals in Al-Qaseem are approximately 2.04 times higher than the odds of smoking
in a car by someone in the same region compared to individuals in Aseer. The odds

of smoking in public places among individuals in Al-Qaseem are approximately 1.52
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times higher than the odds of smoking in a car by someone in the same region com-
pared to individuals in Aseer. The odds of smoking in workplaces among individuals
in Al-Qaseem are approximately 1.83 times higher than the odds of smoking in a car
by someone in the same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Riyadh are approximately
0.17 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at home among individuals
in Riyadh are approximately 2.1 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking
in public places among individuals in Riyadh are approximately 0.47 times lower than
the odds of smoking in a car by someone in the same region compared to individuals
in Aseer. The odds of smoking in workplaces among individuals in Riyadh are ap-
proximately 0.94 times lower than the odds of smoking in a car by someone in the
same region compared to individuals in Aseer.

The odds of smoking in coffee shops among individuals in Tabouk are approximately
0.01 times lower than the odds of smoking in a car by someone in the same region
compared to individuals in Aseer. The odds of smoking at Home among individuals
in Tabouk are approximately 1.51 times higher than the odds of smoking in a car by
someone in the same region compared to individuals in Aseer. The odds of smoking in
public places among individuals in Tabouk are approximately 0.45 times lower than
the odds of smoking in a car by someone in the same region compared to individu-
als in Aseer. The odds of smoking in workplaces among individuals in Tabouk are

approximately 0.02 times lower than the odds of smoking in a car by someone in the
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same region compared to individuals in Aseer.

Comparison of Smoking Likelihood by Gender

Across Regions

Males versus Females

Both males and females are similarly likely to smoke in coffee shops compared to
cars; for males, the odds are about 3.61 times higher, while for females, the odds
are slightly lower at 3.59 times higher. Smoking at home shows a notable difference
between genders. For males, smoking at home is 0.87 times less likely than smoking
in a car. For females, the odds are slightly higher, at 1.13 times less likely, and greater
likelihood than males. Smoking in public places is the most prevalent for both genders,
with females showing a slightly higher likelihood than males. The odds are 5.36 times
higher for males and 5.50 times higher for females compared to smoking in a car. The
odds of smoking in workplaces are higher for males (1.69 times) compared to females
(1.23 times). This indicates that males are more likely to smoke in workplaces than
females, relative to smoking in a car.

Smoking is less likely in Al-Baha compared to Aseer for both genders, with a similar
reduction in odds. It is 0.41 times less likely for males, while for females, it is slightly
lower at 0.43 times less likely. Smoking is less likely in the Eastern region for both
genders, but females significantly reduce their odds. Males are 0.74 times less likely

to smoke, while females are 0.56 times less likely. Both males and females have the
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same likelihood of smoking in Hail compared to Aseer, at 0.14 times less likely. For
males, there is no significant difference in smoking likelihood between Jazan and Aseer.
However, females are 0.56 times less likely to smoke in Jazan than in Aseer. Smoking in
Al-Jouf is less likely for both genders, but females show a more significant reduction in
odds. Males are 0.39 times less likely, while females are 0.28 times less likely. Smoking
is less likely in Al-Madinah for both genders. For males, it is 0.90 times less likely,
while for females, it is 0.46 times less likely, indicating a more substantial reduction.
Smoking is more likely in Makkah for both genders. However, males have higher odds
(4.16 times more likely) than females (3.32 times more likely).

Smoking is less likely in Najran for both genders, with females showing slightly lower
odds. Males are 0.28 times less likely, while females are 0.21 times less likely. Smoking
in the Northern borders is less likely for both genders, with males being 0.23 times
less likely and females being 0.32 times less likely. Smoking in Al-Qassem is less likely
for both genders, with males being 0.36 times less likely and females being 0.25 times
less likely, showing a more substantial reduction for females. Smoking in Riyadh is
more likely for both genders, with males having higher odds (3.50 times more likely)
compared to females (2.59 times more likely). Smoking in Tabouk is more likely for
both genders, but females have higher odds. Males are 1.58 times more likely, while
females are 2.29 times more likely. In Al-Baha, smoking in coffee shops is less likely
for both genders, but the reduction is more substantial for females (0.16 times) than
for males (0.31 times). Smoking at home in Al-Baha is more likely for both genders,
with females showing slightly higher odds (1.71 times) than males (1.53 times).

In Al-Baha, smoking in public places is less likely for both genders, but there is a
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more significant reduction for females (0.45 times) compared to males (0.77 times).
Smoking in workplaces is less likely for both genders, but the odds are similar (0.58
times for males and 0.59 times for females). In the Eastern Region, smoking in coffee
shops is more likely for males (1.4 times) but less likely for females (0.56 times).
Smoking at home in the Eastern Region is significantly more likely for both genders,
with females showing higher odds (8.17 times) compared to males (5.85 times). In the
Eastern Region, smoking in public places is more likely for both genders, with males
by about 2.9 times and females by about 2.04 times. In the Eastern Region, smoking
in workplaces has more potential for both genders, with males 4.42 times and females
2.86 times.

In Hail, regarding smoking in coffee shops, males are less likely to smoke (0.37 times),
while females are more likely (2.28 times). Smoking at home in Hail is more likely for
both genders, with females showing higher odds (5.36 times) compared to males (4.36
times). In Hail, smoking in public places is more likely for both genders, with males at
3.5 times and females at 2.57 times. In Hail, smoking in workplaces is more likely for
both genders, with males at 2.35 times and females at 2.95 times. In Jazan, smoking
in coffee shops is less likely for both genders, with a more substantial reduction for
females (0.17 times) compared to males (0.3 times). Smoking at home in Jazan is more
likely for both genders, with females at 2.79 times and males at 1.14 times. In Jazan,
smoking in public places is less likely for both genders, with females at 0.60 times and
males at 0.73 times. In Jazan, smoking in workplaces is less likely for both genders,
with females showing a much more substantial reduction (0.19 times) compared to

males (0.33 times).

133



In Al-Jouf, smoking in coffee shops is less likely for both genders, with females showing
a more substantial reduction (0.06 times) than males (0.35 times). Smoking at home
in Al-Jouf is more likely for both genders, with females at 3.47 times and males at
1.8 times. In Al-Jouf, smoking in public places is more likely for both genders, with
females at 1.45 times and males at 1.69 times. In Al-Jouf, smoking in workplaces is
less likely for both genders, with males at 0.82 times and females at 0.58 times.

In Makkah, smoking in coffee shops is less likely for both genders, with females showing
a more substantial reduction (0.19 times) than males (0.53 times). Smoking at home
in Makkah is more likely for both genders, with females at 2.25 times and males at
1.48 times. In Makkah, smoking in public places is more likely for males (1.11 times)
but less likely for females (0.84 times). In Makkah, smoking in Workplaces is less
likely for both genders, with males at 0.94 times and females at 0.69 times. In Al-
Madinah, smoking in coffee shops is less likely for both genders, but females show a
more significant reduction (0.40 times lower) compared to males (0.72 times lower).
Smoking at home in Al-Madinah is more likely for both genders, with females (2.64
times higher) showing a higher likelihood compared to males (1.08 times higher). In
Al-Madinah, smoking in public places is more likely for both genders, with females
(2.85 times higher) again showing greater odds compared to males (2.15 times higher).
In Al-Madinah, smoking in workplaces is more likely for both genders, with males (1.24
times higher) showing slightly greater odds than females (1.04 times higher).

In Najran, smoking in coffee shops is more likely for males (1.54 times higher) but less
likely for females (0.72 times lower). Smoking at home in Najran is more likely for

both genders, with females (1.88 times higher) showing slightly greater odds compared
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to males (1.38 times higher). In Najran, smoking in public places is more likely for
males (1.56 times higher) but less likely for females (0.76 times lower). In Najran,
smoking in workplaces is more likely for both genders, with males (2.24 times higher)
showing slightly higher odds than females (2.03 times higher). In Northern Borders,
smoking in coffee shops is less likely for both genders, but females (0.13 times lower)
show a much more significant reduction than males (0.34 times lower). Smoking at
home in Northern Borders is more likely for both genders, with males (2.83 times
higher) showing greater odds than females (2.46 times higher). In Northern Borders,
smoking in public places is more likely for males (1.63 times higher) but less likely for
females (0.89 times lower). In Northern Borders, smoking in workplaces is less likely
for both genders, with females (0.50 times lower) showing a more significant reduction
compared to males (0.83 times lower). In Al-Qaseem, smoking in coffee shops is less
likely for both genders, with females (0.30 times lower) showing a more significant
reduction than males (0.54 times lower).

Smoking at home in Al-Qaseem is more likely for both genders, with females (2.04
times higher) showing more substantial odds compared to males (1.34 times higher).
In Al-Qaseem, smoking in public places is more likely for both genders, with males
(3.03 times higher) showing more substantial odds than females (1.52 times higher). In
Al-Qaseem, smoking in workplaces is more likely for both genders, with females (1.83
times higher) showing slightly greater odds compared to males (1.58 times higher). In
Riyadh, smoking in coffee shops is less likely for both genders, with females (0.17 times
lower) showing a more significant reduction than males (0.36 times lower). Smoking

at home in Riyadh is more likely for both genders, with females (2.10 times higher)
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showing slightly greater odds compared to males (1.40 times higher). In Riyadh,
smoking in public places is less likely for both genders, with females (0.47 times
lower) showing a more significant reduction compared to males (0.74 times lower). In
Riyadh, smoking in workplaces is less likely for females (0.94 times lower) but more
likely for males (1.09 times higher).

In Tabouk, smoking in coffee shops is much less likely for both genders, with females
(0.01 times lower) showing a much more substantial reduction than males (0.51 times
lower). Smoking at home in Tabouk is more likely for both genders, with males
(1.31 times higher) showing slightly greater odds than females (1.51 times higher). In
Tabouk, smoking in public places is less likely for both genders, with females (0.45
times lower) showing a more significant reduction compared to males (0.93 times
lower). In Tabouk, smoking in workplaces is much less likely for both genders, with
females (0.02 times lower) showing a more substantial reduction compared to males

(0.87 times lower).

Males versus the Entire population

Both males and the entire population show a significant preference for smoking in
coffee shops, with very similar odds (3.60 vs. 3.61 times higher) compared to cars. For
the whole population, there is no significant difference between smoking at home and
in a car, whereas males are less likely to smoke at home (0.87 times lower) compared
to cars. Both males and the entire population show a strong preference for smoking
in public places, with very similar odds (5.43 vs. 5.36 times higher). Males are more
likely to smoke in workplaces (1.69 times higher) than the entire population (1.46
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times higher) compared to cars. The odds of the entire population being 0.42 times
less likely to smoke in Al-Baha and males’ odds being 0.41 times less likely to smoke
in Al-Baha compared to Aseer. The odds of the entire population being 0.65 times
less likely to smoke in Al-Baha and males odds being 0.74 times less likely to smoke
in the Eastern region than in Aseer.

Both the entire population and males have the same odds of smoking in Hail (0.14
times less likely) compared to smoking in Aseer. Males show no significant differ-
ence between smoking in Jazan and Aseer, while the entire population shows a lower
likelihood of smoking in Jazan (0.78 times less likely). Males (0.39 times less likely)
and the entire population (0.33 times less likely) are less likely to smoke in Al-Jouf
than in Aseer. Males (0.90 times less likely) and the entire population (0.67 times
less likely) are less likely to smoke in Al-Madinah than in Aseer. Both Males (4.16
times less likely) and the entire population (3.73 times less likely) are more likely to
smoke in Makkah compared to smoking in Aseer. Males (0.28 times less likely) and
the entire population (0.24 times less likely) are less likely to smoke in Najran than in
Aseer. Males (0.23 times less likely) and the entire population (0.27 times less likely)
are less likely to smoke in Northern Borders than in Aseer. Males (0.36 times less
likely) and the entire population (0.31 times less likely) are less likely to smoke in
Al-Qassem than in Aseer. Males are more likely to smoke in Riyadh (3.50 times more
likely), and the entire population (3.03 times more likely) is more likely to smoke in
Riyadh compared to Aseer. Males are more likely to smoke in Tabouk (1.58 times
more likely, and the entire population (1.94 times more likely) is likelier to smoke in

Tabouk) than in Aseer. In Al-Baha, the odds of smoking in coffee shops are less likely
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for both males by about 0.31 times and the entire population by about 0.23 times
compared to smoking in cars in the Aseer region. In Al-Baha, the odds of smoking at
home are more likely for both males by about 1.53 times and the entire population by
about 1.64 times compared to smoking in cars in the Aseer region. In Al-Baha, the
odds of smoking in public places are less likely for both males by about 0.77 times and
the entire population by about 0.60 times compared to smoking in cars in the Aseer
region.

In Al-Baha, the odds of smoking in workplaces are less likely for both males, about
0.58 times, and the entire population, about 0.58 times compared to smoking in cars
in the Aseer region. In the Eastern region, the odds of smoking in coffee shops are
more likely for both males by about 1.40 times and the entire population by about
1.03 times compared to smoking in cars in the Aseer region. In the Eastern region,
the odds of smoking at home are more likely for both males by about 5.85 times and
the entire population by about 6.89 times compared to smoking in cars in the Aseer
region. In the Eastern region, the odds of smoking in public places are more likely
for both males by about 2.90 times and the entire population by about 2.51 times
compared to smoking in cars in the Aseer region. In the Eastern region, the odds
of smoking in workplaces are more likely for both males by about 4.42 times and
the entire population by about 3.94 times compared to smoking in cars in the Aseer
region. In Hail, the odds of smoking in coffee shops are less likely for both males,
about 0.37 times, and the entire population, about 0.33 times compared to smoking
in cars in the Aseer region.

In Hail, the odds of smoking at home are more likely for both males by about 4.36
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times and the entire population by about 4.92 times compared to smoking in cars in
the Aseer region. In Hail, the odds of smoking in public places are more likely for both
males by about 3.50 times and the entire population by about 3.03 times compared
to smoking in cars in the Aseer region. In Hail, the odds of smoking in workplaces are
more likely for both males by about 2.35 times and the entire population by about
2.61 times compared to smoking in cars in the Aseer region. In Jazan, the odds of
smoking in coffee shops are less likely for both males by about 0.25 times and the entire
population by about 0.30 times compared to smoking in cars in the Aseer region. In
Jazan, the odds of smoking at home are more likely for both males by about 1.14
times and the entire population by about 1.77 times compared to smoking in cars in
the Aseer region. In Jazan, the odds of smoking in public places are less likely for both
males by about 0.73 times and the entire population by about 0.68 times compared
to smoking in cars in the Aseer region.

In Jazan, the odds of smoking in workplaces are less likely for both males by about
0.30 times and the entire population by about 0.33 times compared to smoking in cars
in the Aseer region. In Al-Jouf, the odds of smoking in coffee shops are less likely
for both males by about 0.35 times and the entire population by about 0.23 times
compared to smoking in cars in the Aseer region. In Al-Jouf, the odds of smoking at
home are more likely for both males by about 1.80 times and the entire population
by about 2.56 times compared to smoking in cars in the Aseer region. In Al-Jouf, the
odds of smoking in public places are more likely for both males by about 1.69 times
and the entire population by about 1.59 times compared to smoking in cars in the

Aseer region. In Al-Jouf, the odds of smoking in workplaces are less likely for both
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males by about 0.82 times and the entire population by about 0.75 times compared
to smoking in cars in the Aseer region.

In Al-Madinah, the odds of smoking in coffee shops are less likely for both males by
about 0.72 times and the entire population by about 0.61 times compared to smoking
in cars in the Aseer region. In Al-Madinah, the odds of smoking at home are more
likely for both males by about 1.08 times and the entire population by about 1.64
times compared to smoking in cars in the Aseer region. In Al-Madinah, the odds of
smoking in public places are more likely for both males, about 2.15 times, and the
entire population, about 2.38 times, compared to smoking in cars in the Aseer region.
In Al-Madinah, the odds of smoking in workplaces are more likely for both males by
about 1.24 times and the entire population by about 1.25 times compared to smoking
in cars in the Aseer region.

In Makkah, the odds of smoking in coffee shops are less likely for both males by about
0.53 times and the entire population by about 0.38 times compared to smoking in
cars in the Aseer region. In Makkah, the odds of smoking at home are more likely
for both males by about 1.48 times and the entire population by about 1.85 times
compared to smoking in cars in the Aseer region. In Makkah, the odds of smoking in
public places are more likely for males, about 1.11 times, while the odds of smoking
in public places are less likely for the entire population, about 0.98 times compared to
smoking in cars in the Aseer region. In Makkah, the odds of smoking in workplaces
are less likely for both males by about 0.94 times and the entire population by about
0.86 times compared to smoking in cars in the Aseer region.

In Najran, the odds of smoking in coffee shops are more likely for both males by about
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1.54 times and the entire population by about 1.19 times compared to smoking in cars
in the Aseer region. In Najran, the odds of smoking at home are more likely for both
males by about 1.38 times and the entire population by about 1.60 times compared to
smoking in cars in the Aseer region. In Najran, the odds of smoking in public places
are more likely for both males by about 1.56 times and the entire population by about
1.21 times compared to smoking in cars in the Aseer region. In Najran, the odds of
smoking in workplaces are more likely for both males, about 2.24 times, and the entire
population, about 2.22 times compared to smoking in cars in the Aseer region.

In Northern Borders, the odds of smoking in coffee shops are less likely for both
males by about 0.34 times and the entire population by about 0.21 times compared
to smoking in cars in the Aseer region. In Northern Borders, the odds of smoking at
home are more likely for both males by about 2.83 times and the entire population
by about 2.65 times compared to smoking in cars in the Aseer region. In Northern
Borders, the odds of smoking in public places are more likely for both males by about
1.63 times and the entire population by about 1.19 times compared to smoking in
cars in the Aseer region. In Northern Borders, the odds of smoking in workplaces are
less likely for both males by about 0.83 times and the entire population by about 0.64
times compared to smoking in cars in the Aseer region.

In Al-Qaseem, the odds of smoking in coffee shops are less likely for both males by
about 0.54 times and the entire population by about 0.44 times compared to smoking
in cars in the Aseer region. In Al-Qaseem, the odds of smoking at home are more
likely for both males by about 1.34 times and the entire population by about 1.65

times compared to smoking in cars in the Aseer region. In Al-Qaseem, the odds of
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smoking in public places are more likely for both males by about 3.03 times and the
entire population by about 2.38 times compared to smoking in cars in the Aseer region.
In Al-Qaseem, the odds of smoking in workplaces are more likely for both males by
about 1.58 times and the entire population by about 1.71 times compared to smoking
in cars in the Aseer region. In Riyadh, the odds of smoking in coffee shops are less
likely for both males, about 0.36 times, and the entire population, about 0.28 times
compared to smoking in cars in the Aseer region. In Riyadh, the odds of smoking at
home are more likely for both males by about 1.40 times and the entire population by
about 1.71 times compared to smoking in cars in the Aseer region.

In Riyadh, the odds of smoking in public places are less likely for both males by about
0.74 times and the entire population by about 0.62 times compared to smoking in cars
in the Aseer region. In Riyadh, the odds of smoking in workplaces are more likely
for both males by about 1.09 times and the entire population by about 1.06 times
compared to smoking in cars in the Aseer region. In Tabouk, the odds of smoking in
coffee shops are less likely for both males by about 0.51 times and the entire population
by about 0.21 times compared to smoking in cars in the Aseer region. In Tabouk,
the odds of smoking at home are more likely for both males by about 1.31 times
and the entire population by about 1.48 times compared to smoking in cars in the
Aseer region. In Tabouk, the odds of smoking in public places are less likely for both
males by about 0.93 times and the entire population by about 0.64 times compared
to smoking in cars in the Aseer region. In Tabouk, the odds of smoking in workplaces
are less likely for both males about 0.87 times and the entire population about 0.41

times compared to smoking in cars in the Aseer region.
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Females versus Entire population

Both females and the entire population show a significant preference for smoking in
coffee shops, with very similar odds (3.60 vs. 3.59 times more likely) and negligible
differences between them compared to cars. For the entire population, there is no
difference between smoking at home and in a car, whereas females are more likely
to smoke at home about 1.13 times compared to cars. Both males and the entire
population show a strong preference for smoking in public places, with very similar
odds (5.43 vs. 5.36 times higher). Both females (1.69 times higher) and the entire
population (1.46 times higher) are more likely to smoke in workplaces than cars.

The odds of the entire population are 0.42 times less likely to smoke in Al-Baha, and
the odds of females are 0.43 times less likely to smoke in Al-Baha than in Aseer. The
odds of the entire population are 0.65 times less likely to smoke in Al-Baha, and the
odds of females are 0.56 times less likely to smoke in the Eastern region than in Aseer.
Both the entire population and females have the same odds of smoking in Hail, about
0.14 times less likely compared to smoking in Aseer. The odds of females are about
0.56 times less likely to smoke in Jazan than in Aseer, while the entire population
shows a lower likelihood of about 0.78 times less likely compared to smoking in Jazan.
The odds of females are about 0.28 times less likely to smoke in Al-Jouf, while the
odds of the entire population are about 0.33 times less likely to smoke in Al-Jouf than
in Aseer. The odds of females are about 0.46 times less likely to smoke in Al-Madinah,
while the odds of the entire population are about 0.67 times less likely to smoke in

Al-Madinah compared to smoking in Aseer. The odds of females are about 3.32 times
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more likely to smoke in Makkah, while the odds of the entire population are about
3.73 times more likely to smoke in Makkah than in Aseer.

The odds of females are about 0.21 times less likely to smoke in Najran, while the
odds of the entire population are about 0.24 times less likely to smoke in Najran
than in Aseer. The odds of Females are about 0.32 times less likely to smoke in
Northern Borders, while the odds of the entire population are about 0.27 times less
likely to smoke in Northern Borders compared to smoking in Aseer. The odds of
Females are about 0.25 times less likely to smoke in Al-Qassem, while the odds of the
entire population are about 0.31 times less likely to smoke in Al-Qassem compared to
smoking in Aseer. The odds of Females are about 2.59 times more likely to smoke in
Riyadh, while the odds of the entire population are about 3.03 times more likely to
smoke in Riyadh compared to smoking in Aseer.

The odds of females are about 2.29 times more likely to smoke in Tabouk, while the
odds of the entire population are about 1.94 times more likely to smoke in Tabouk
than in Aseer. In Al-Baha, the odds of smoking in coffee shops are less likely for both
females, about 0.16 times, and the entire population, about 0.23 times compared to
smoking in cars in the Aseer region. In Al-Baha, the odds of smoking at home are
more likely for both females by about 1.71 times and the entire population by about
1.64 times compared to smoking in cars in the Aseer region. In Al-Baha, the odds of
smoking in public places are less likely for both females, about 0.45 times, and for the
entire population, about 0.60 times compared to smoking in cars in the Aseer region.
In Al-Baha, the odds of smoking in workplaces are less likely for both females, about

0.59 times, and for the entire population, about 0.58 times compared to smoking in

144



cars in the Aseer region.

In the Eastern region, the odds of smoking in coffee shops are less likely for females,
about 0.56 times. In contrast, the odds of smoking in coffee shops are more likely
for the entire population, about 1.03 times compared to smoking in cars in the Aseer
region. In the Eastern region, the odds of smoking at home are more likely for both
females by about 8.17 times and the entire population by about 6.89 times compared
to smoking in cars in the Aseer region. In the Eastern region, the odds of smoking
in public places are more likely for both females about 2.04 times and the entire
population about 2.51 times compared to smoking in cars in the Aseer region. In the
Eastern region, the odds of smoking in workplaces are more likely for both females by
about 2.86 times and the entire population by about 3.94 times compared to smoking
in cars in the Aseer region.

In Hail, the odds of smoking in coffee shops are more likely for females, about 2.28
times, while the odds of smoking in coffee shops are less likely for the entire population,
about 0.33 times compared to smoking in cars in the Aseer region. In Hail, the odds of
smoking at home are more likely for both females by about 5.36 times and the entire
population by about 4.92 times compared to smoking in cars in the Aseer region. In
Hail, the odds of smoking in public places are more likely for both females by about
2.57 times and the entire population by about 3.03 times compared to smoking in
cars in the Aseer region. In Hail, the odds of smoking in workplaces are more likely
for both females by about 2.95 times and the entire population by about 2.61 times
compared to smoking in cars in the Aseer region.

In Jazan, the odds of smoking in coffee shops are less likely for females by about 0.17
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times and the entire population by about 0.30 times compared to smoking in cars in
the Aseer region. In Jazan, the odds of smoking at home are more likely for both
females by about 2.79 times and the entire population by about 1.77 times compared
to smoking in cars in the Aseer region. In Jazan, the odds of smoking in public places
are less likely for both females about 0.60 times and the entire population about 0.68
times compared to smoking in cars in the Aseer region. In Jazan, the odds of smoking
in workplaces are less likely for both females by about 0.19 times and the entire
population by about 0.33 times compared to smoking in cars in the Aseer region.

In Al-Jouf, the odds of smoking in coffee shops are less likely for females by about
0.06 times and for the entire population by about 0.23 times compared to smoking in
cars in the Aseer region. In Al-Jouf, the odds of smoking at home are more likely for
both females, about 3.47 times, and the entire population, about 2.56 times compared
to smoking in cars in the Aseer region. In Al-Jouf, the odds of smoking in public
places are more likely for both females by about 1.45 times and the entire population
by about 1.59 times compared to smoking in cars in the Aseer region. In Al-Jouf, the
odds of smoking in workplaces are less likely for both females by about 0.58 times and
the entire population by about 0.75 times compared to smoking in cars in the Aseer
region.

In Al-Madinah, the odds of smoking in coffee shops are less likely for both females,
about 0.40 times, and the entire population, about 0.61 times compared to smoking
in cars in the Aseer region. In Al-Madinah, the odds of smoking at home are more
likely for both females by about 2.64 times and the entire population by about 1.64

times compared to smoking in cars in the Aseer region. In Al-Madinah, the odds of
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smoking in public places are more likely for both females about 2.85 times and the
entire population about 2.38 times compared to smoking in cars in the Aseer region.
In Al-Madinah, the odds of smoking in workplaces are more likely for both females by
about 1.04 times and the entire population by about 1.25 times compared to smoking
in cars in the Aseer region. In Makkah, the odds of smoking in coffee shops are less
likely for females by about 0.19 times and the entire population by about 0.38 times
compared to smoking in cars in the Aseer region.

In Makkah, the odds of smoking at home are more likely for both females by about
2.25 times and the entire population by about 1.85 times compared to smoking in cars
in the Aseer region. In Makkah, the odds of smoking in public places are less likely
for both females by about 0.84 times and the entire population by about 0.98 times
compared to smoking in cars in the Aseer region. In Makkah, the odds of smoking
in workplaces are less likely for both females by about 0.69 times and the entire
population by about 0.86 times compared to smoking in cars in the Aseer region.
In Najran, the odds of smoking in coffee shops are less likely for females by about
0.72 times, while the odds of smoking in coffee shops are more likely for the entire
population by about 1.19 times compared to smoking in cars in the Aseer region. In
Najran, the odds of smoking at home are more likely for both females by about 1.88
times and the entire population by about 1.60 times compared to smoking in cars in
the Aseer region.

In Najran, the odds of smoking in public places are less likely for females by about
0.76 times, while the odds of smoking in public places are more likely for the entire

population by about 1.21 times compared to smoking in cars in the Aseer region. In
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Najran, the odds of smoking in workplaces are more likely for both females by about
2.03 times and the entire population by about 2.22 times compared to smoking in cars
in the Aseer region. In Northern Borders, the odds of smoking in coffee shops are
less likely for both females by about 0.13 times and the entire population by about
0.21 times compared to smoking in cars in the Aseer region. In Northern Borders, the
odds of smoking at home are more likely for both females by about 2.46 times and
the entire population by about 2.65 times compared to smoking in cars in the Aseer
region. In Northern Borders, the odds of smoking in public places are more likely for
females, about 0.89 times. In contrast, the odds of smoking in public places are less
likely for the entire population, about 1.19 times compared to smoking in cars in the
Aseer region. In Northern Borders, the odds of smoking in workplaces are less likely
for both females by about 0.50 times and the entire population by about 0.64 times
compared to smoking in cars in the Aseer region.

In Al-Qaseem, the odds of smoking in coffee shops are less likely for both females
about 0.30 times and the entire population about 0.44 times compared to smoking
in cars in the Aseer region. In Al-Qaseem, the odds of smoking at home are more
likely for both females by about 2.04 times and the entire population by about 1.65
times compared to smoking in cars in the Aseer region. In Al-Qaseem, the odds of
smoking in public places are more likely for both females about 1.52 times and the
entire population about 2.38 times compared to smoking in cars in the Aseer region.
In Al-Qaseem, the odds of smoking in workplaces are more likely for both females by
about 1.83 times and the entire population by about 1.71 times compared to smoking

in cars in the Aseer region. In Riyadh, the odds of smoking in coffee shops are less
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likely for females, about 0.17 times, and the entire population, about 0.28 times,
compared to smoking in cars in the Aseer region. In Riyadh, the odds of smoking at
home are more likely for both females by about 2.10 times and the entire population
by about 1.71 times compared to smoking in cars in the Aseer region. In Riyadh, the
odds of smoking in public places are less likely for both females, about 0.47 times,
and the entire population, about 0.62 times compared to smoking in cars in the Aseer
region. In Riyadh, the odds of smoking in workplaces are less likely for females, about
0.94 times, while the odds of smoking in workplaces are more likely for the entire
population, about 1.06 times, compared to smoking in cars in the Aseer region. In
Tabouk, the odds of smoking in coffee shops are less likely for both females by about
0.01 times and the entire population by about 0.21 times compared to smoking in cars
in the Aseer region. In Tabouk, the odds of smoking at home are more likely for both
females by about 1.51 times and the entire population by about 1.48 times compared
to smoking in cars in the Aseer region. In Tabouk, the odds of smoking in public
places are less likely for both females by about 0.45 times and the entire population
by about 0.64 times compared to smoking in cars in the Aseer region. In Tabouk, the
odds of smoking in workplaces are less likely for both females, about 0. times, and
the entire population by about 0.41 times compared to smoking in cars in the Aseer

region.

Age (Entire population)

The likelihood of smoking under the age group of 65+ is significantly lower by 0.24
times compared to 10-14 age groups, followed by 60-64 age groups by about 0.26 times
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compared to 10-14 age groups, 55-54 age groups by about 0.31 times compared to 10-
14 age groups, 50-54 age groups by about 0.37 times compared to 10-14 age groups,
45-49 age groups by about 0.81 times, 40-44 age groups by about 0.81 times, 30-34 age
groups by about 1.11 times compared to 10-14 age groups, 35-39 age groups by about
1.17 times compared to 10-14 age groups. The likelihood is significantly higher among
age groups 20-24 by 1.33 times compared to 10-14 age groups, followed by 15-19 age
groups by about 1.27 times compared to 10-14 age groups, 25-29 age groups by about
1.24 times compared to 10-14 age groups. The likelihood of smoking in different places
of exposure is significantly higher by about 5.08 times in public places compared to
smoking in the car, followed by home by about 2.90 times, and coffee shops by about
0.92 times compared to smoking in the car. The likelihood is significantly lower, about
0.91 times, in the workplace compared to cars. The odds of smoking in coffee shops
among individuals aged 15-19 are about 1.32 times higher than the odds of smoking
in a car by someone in the same age group compared to individuals aged 10-14. The
odds of smoking at home among individuals aged 15-19 are approximately 0.69 times
lower than the odds of smoking in a car by someone in the same age group compared
to individuals aged 10-14.

The odds of smoking in public places among individuals aged 15-19 are about 0.92
times lower than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking in the workplace among
individuals aged 15-19 are approximately 0.88 times lower than the odds of smoking in
a car by someone in the same age group compared to individuals aged 10-14. The odds

of smoking in coffee shops among individuals aged 20-24 are about 1.81 times higher
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than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking at home among individuals aged 2024
are about 0.68 times lower than the odds of smoking in a car by someone in the same
age group compared to individuals aged 10-14. The odds of smoking in public places
among individuals aged 20-24 are about 0.99 times lower than the odds of smoking
in a car by someone in the same age group compared to individuals aged 10-14. The
odds of smoking in the workplace among individuals aged 20-24 are approximately
1.56 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 25-29 are approximately
1.69 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 25-29 are about 0.79 times lower than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 25-29 are approximately 1.22 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in the workplace among individuals aged
25-29 are about 2.92 times higher than the odds of smoking in a car by someone in
the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 35-39 are approximately
2.15 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals

aged 35-39 are about 0.86 times lower than the odds of smoking in a car by someone
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in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 35-39 are approximately 1.51 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in the workplace among individuals aged
35-39 are about 4.16 times higher than the odds of smoking in a car by someone in
the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 40-44 are approximately
2.46 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 40-44 are about 1.04 times higher than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 40-44 are approximately 1.93 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in the workplace among individuals aged
40-44 are about 4.54 times higher than the odds of smoking in a car by someone in
the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 45-49 are approximately
1.83 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 45-49 are about 0.85 times lower than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 45-49 are approximately 1.54 times higher

than the odds of smoking in a car by someone in the same age group compared to
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individuals aged 10-14. The odds of smoking in the workplace among individuals aged
45-49 are about 3.95 times higher than the odds of smoking in a car by someone in
the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 50-54 are approximately
2.68 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 50-54 are about 1.21 times higher than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 50-54 are approximately 2.32 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
50-54 are about 5.83 times higher than the odds of smoking in a car by someone in
the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 55-59 are about 2.32
times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 55-59 are approximately 0.91 times lower than the odds of smoking in a car by
someone in the same age group compared to individuals aged 10-14. The odds of
smoking in public places among individuals aged 55-59 are about 1.99 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
55-59 are approximately 4.41 times higher than the odds of smoking in a car by

someone in the same age group compared to individuals aged 10-14.
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The odds of smoking in coffee shops among individuals aged 60-64 are about 1.51
times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 60-64 are approximately 0.60 times lower than the odds of smoking in a car by
someone in the same age group compared to individuals aged 10-14. The odds of
smoking in public places among individuals aged 60-64 are about 1.51 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
60-64 are approximately 2.85 times higher than the odds of smoking in a car by
someone in the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 65+ are about 1.77 times
higher than those of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking at home among individuals aged 65+ are
approximately 1.03 times higher than those of smoking in a car by someone in the same
age group compared to individuals aged 10-14. The odds of smoking in public places
among individuals aged 65+ are about 1.78 times higher than those of smoking in a
car by someone in the same age group compared to individuals aged 10-14. The odds
of smoking in workplaces among individuals aged 65+ are approximately 2.18 times
higher than those of smoking in a car by someone in the same age group compared to

individuals aged 10-14.
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Age (Males Population)

The likelihood of smoking under the age group of 65+ is significantly lower by 0.29
times compared to 10-14 age groups, followed by 60-64 age groups by about 0.31 times
compared to 10-14 age groups, 55-59 age groups by about 0.37 times compared to 10-
14 age groups, 50-54 age groups by about 0.49 times compared to 10-14 age groups,
45-49 age groups by about 0.85 times, 40-44 age groups by about 0.91 times, 30-34 age
groups by about 1.20 times compared to 10-14 age groups, 35-39 age groups by about
1.21 times compared to 10-14 age groups. The likelihood is significantly higher among
age groups 20-24 by 1.74 times compared to 10-14 age groups, followed by 15-19 age
groups by about 1.66 times compared to 10-14 age groups, 25-29 age groups by about
1.29 times compared to 10-14 age groups. The likelihood of smoking in different places
of exposure is significantly higher by about 5.42 times in public places compared to
smoking in the car, followed by home by about 2.91 times, and coffee shops by about
0.91 times compared to smoking in the car. The likelihood is significantly lower, about
0.83 times in the workplace, than in cars.

The odds of smoking in coffee shops among individuals aged 15-19 are approximately
1.43 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 15-19 are about 0.52 times lower than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 15-19 are approximately 0.79 times lower

than the odds of smoking in a car by someone in the same age group compared to
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individuals aged 10-14.

The odds of smoking in workplaces among individuals aged 15-19 are about 0.82 times
lower than the odds of smoking in a car by someone in the same age group compared
to individuals aged 10-14. The odds of smoking in coffee shops among individuals
aged 20-24 are approximately 2.22 times higher than the odds of smoking in a car
by someone in the same age group compared to individuals aged 10-14. The odds of
smoking at home among individuals aged 20-24 are about 0.49 times lower than the
odds of smoking in a car by someone in the same age group compared to individuals
aged 10-14. The odds of smoking in public places among individuals aged 20-24
are approximately 0.94 times lower than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking in
workplaces among individuals aged 20-24 are about 1.83 times higher than the odds
of smoking in a car by someone in the same age group compared to individuals aged
10-14.

The odds of smoking in coffee shops among individuals aged 25-29 are approximately
2.62 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 25-29 are about 0.71 times lower than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 2529 are approximately 1.46 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged

25-29 are about 5.09 times higher than the odds of smoking in a car by someone in
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the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 30-34 are approximately
2.87 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 30-34 are about 0.88 times lower than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 30-34 are approximately 1.61 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
30-34 are about 6.22 times higher than the odds of smoking in a car by someone in
the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 35-39 are approximately
3.28 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 35-39 are about 0.86 times lower than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 35-39 are approximately 1.92 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
35-39 are about 7.78 times higher than the odds of smoking in a car by someone in
the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 40-44 are approximately

3.54 times higher than the odds of smoking in a car by someone in the same age group
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compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 40-44 are about 1.01 times higher than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 40-44 are approximately 2.50 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
40-44 are about 8.39 times higher than the odds of smoking in a car by someone in
the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 45-49 are approximately
1.81 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 45-49 are about 0.80 times lower than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 45-49 are approximately 2.09 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
45-49 are about 7.38 times higher than the odds of smoking in a car by someone in
the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 50-54 are approximately
3.51 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 50-54 are about 1.08 times higher than the odds of smoking in a car by someone

in the same age group compared to individuals aged 10-14. The odds of smoking
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in public places among individuals aged 50-54 are approximately 2.58 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
50-54 are about 8.31 times higher than the odds of smoking in a car by someone in
the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 55-59 are about 3.29
times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 55-5H9 are approximately 0.88 times lower than the odds of smoking in a car by
someone in the same age group compared to individuals aged 10-14. The odds of
smoking in public places among individuals aged 55-59 are about 2.43 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
55-59 are approximately 7.11 times higher than the odds of smoking in a car by
someone in the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 60-64 are about 1.95
times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 60-64 are approximately 0.42 times lower than the odds of smoking in a car by
someone in the same age group compared to individuals aged 10-14. The odds of
smoking in public places among individuals aged 60-64 are about 1.67 times higher
than the odds of smoking in a car by someone in the same age group compared to

individuals aged 10-14. The odds of smoking in workplaces among individuals aged
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60-64 are approximately 4.19 times higher than the odds of smoking in a car by
someone in the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 65+ are about 1.63 times
higher than those of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking at home among individuals aged 65+ are
approximately 0.90 times lower than those of smoking in a car by someone in the same
age group compared to individuals aged 10-14. The odds of smoking in public places
among individuals aged 65+ are about 1.85 times higher than those of smoking in a
car by someone in the same age group compared to individuals aged 10-14. The odds
of smoking in workplaces among individuals aged 65+ are approximately 2.44 times
higher than those of smoking in a car by someone in the same age group compared to

individuals aged 10-14.

Age (Females Population)

The likelihood of smoking under the age group of 65+ is significantly lower by 0.197
times compared to 10-14 age groups, followed by 60-64 age groups by about 0.20
times compared to 10-14 age groups, 55-54 and 50-54 age groups have the same odds
by about 0.25 times compared to 10-14 age groups, 45-49 age groups by about 0.77
times, 40-44 age groups by about 0.83 times, 15-19 age groups by about 0.87 times
compared to 10-14 age groups, 20-24 age groups by about 0.92 times compared to 10-
14 age groups. The likelihood is significantly higher among age groups 25-29 by about
1.19 times compared to 10-14 age groups, followed by 35-39 age groups by about 1.13

times compared to 10-14 age groups, 30-34 age groups by about 1.02 times compared
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to 10-14 age groups. The likelihood of smoking in different places of exposure is
significantly higher by about 4.75 times in public places compared to smoking in the
car, followed by home by about 2.89 times, and coffee shops by about 0.92 times
compared to smoking in the car. The likelihood is significantly lower, about 0.99
times, in the workplace than in cars.

The odds of smoking in coffee shops among individuals aged 15-19 are approximately
1.12 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 15-19 are about 1.02 times higher than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 15-19 are approximately 1.14 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in the workplace among individuals aged
15-19 are about 1.03 times higher than the odds of smoking in a car by someone in
the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 20-24 are approximately
1.05 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 20-24 are about 1.02 times higher than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 20-24 are approximately 1.05 times higher
than the odds of smoking in a car by someone in the same age group compared to

individuals aged 10-14. The odds of smoking in workplaces among individuals aged
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2024 are about 1.23 times higher than the odds of smoking in a car by someone in
the same age group, compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 25-29 are approximately
0.70 times lower than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 25-29 are about 0.87 times lower than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 2529 are approximately 0.91 times lower
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
25—29 are the same as the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 30-34 are approximately
0.98 times lower than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 30-34 are about 1.02 times higher than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 30-34 are approximately 1.08 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
30-34 are about 0.84 times lower than the odds of smoking in a car by someone in the
same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 35-39 are approximately
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0.95 times lower than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 35-39 are about 0.86 times lower than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking in
public places among individuals aged 35-39 are the same as the odds of smoking in a
car by someone in the same age group compared to individuals aged 10-14. The odds
of smoking in workplaces among individuals aged 35-39 are about 0.89 times lower
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 40-44 are approximately
1.28 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 40-44 are about 1.07 times higher than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 40-44 are approximately 1.20 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
40-44 are the same as the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 4549 are approximately
0.75 times lower than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals

aged 45-49 are about 0.91 times lower than the odds of smoking in a car by someone
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in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 4549 are approximately 0.84 times lower
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
45-49 are about 0.79 times lower than the odds of smoking in a car by someone in the
same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 50-54 are approximately
1.09 times higher than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 50-54 are about 1.45 times higher than the odds of smoking in a car by someone
in the same age group compared to individuals aged 10-14. The odds of smoking
in public places among individuals aged 50-54 are approximately 1.58 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
50-54 are about 2.19 times higher than the odds of smoking in a car by someone in
the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 55-59 are about 0.93
times lower than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 55-5H9 are approximately 0.96 times lower than the odds of smoking in a car by
someone in the same age group compared to individuals aged 10-14. The odds of
smoking in public places among individuals aged 55-59 are about 1.16 times higher

than the odds of smoking in a car by someone in the same age group compared to
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individuals aged 10-14. The odds of smoking in workplaces among individuals aged
55-59 are approximately 1.25 times higher than the odds of smoking in a car by
someone in the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 60-64 are about 0.88
times lower than the odds of smoking in a car by someone in the same age group
compared to individuals aged 10-14. The odds of smoking at home among individuals
aged 60-64 are approximately 0.87 times lower than the odds of smoking in a car by
someone in the same age group compared to individuals aged 10-14. The odds of
smoking in public places among individuals aged 60-64 are about 1.18 times higher
than the odds of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking in workplaces among individuals aged
60-64 are approximately 1.28 times higher than the odds of smoking in a car by
someone in the same age group compared to individuals aged 10-14.

The odds of smoking in coffee shops among individuals aged 65+ are about 1.97 times
higher than those of smoking in a car by someone in the same age group compared to
individuals aged 10-14. The odds of smoking at home among individuals aged 65+ are
approximately 1.22 times higher than those of smoking in a car by someone in the same
age group compared to individuals aged 10-14. The odds of smoking in public places
among individuals aged 65+ are about 1.61 times higher than those of smoking in a
car by someone in the same age group compared to individuals aged 10-14. The odds
of smoking in workplaces among individuals aged 65+ are approximately 1.94 times
higher than those of smoking in a car by someone in the same age group compared to

individuals aged 10-14.
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Comparison of Smoking Likelihood by Gender

Across Age Groups

Males versus Females

For those underage 65+, the odds are less likely to smoke for both genders, with Males
about 0.29 times and Females about 0.20 times compared to the 10-14 age group. For
smokers under age 60-64, the odds are less likely to smoke for both genders, with
Males about 0.31 times and females about 0.20 times compared to the 10-14 age
group. For those smoking under the age of 55-59, the odds are less likely to smoke for
both genders, with Males about 0.37 times and females about 0.25 times compared to
the 10-14 age group. For smokers under age 50-54, the odds are less likely to smoke
for both genders, with Males about 0.49 times and females about 0.25 times compared
to the 10-14 age group. For those smoking under age 45-49, the odds are less likely
to smoke for both genders, with Males about 0.85 times and females about 0.77 times
compared to the 10-14 age group. Smoking under age 40-44, the odds are less likely
to smoke for both genders, with Males about 0.91 times and females about 0.83 times
compared to the 10-14 age group. For smokers under age 35-39, the odds are more
likely to smoke for both genders, with Males about 1.21 times and females about 1.13
times compared to the 10-14 age group. For smokers under age 30-34, the odds are
more likely to smoke for both genders, with Males about 1.20 times and females about
1.02 times compared to the 10-14 age group. For smokers under age 25-29, the odds

are more likely to smoke for both genders, with Males about 1.29 times and females
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about 1.19 times compared to the 10-14 age group. For those smoking under age
20-24, the odds of smoking among males is about 1.74 times more likely compared
to those aged between 10-14 years old, while females are about 0.92 times less likely
compared to those aged between 10-14 years. For those smoking under 15-19, the
odds of smoking among Males are about 1.66 times more likely compared to those
aged between 10-14 years, while females are about 0.87 times less likely compared to
those aged between 10-14 years.

The odds of smoking in coffee shops are less likely for both genders; males are about
0.91 times, and females are about 0.92 times compared to smoking in cars. Smoking
at home is more likely for both genders. The odds of males are about 2.91 times, and
the odds of females are about 2.89 times compared to smoking in a car. The odds
of smoking in public places are more likely for both genders; males are about 5.42
times, and females are about 4.75 times compared to smoking in the car. The odds
of smoking in workplaces are less likely for both genders; males are about 0.83 times,
and females are about 0.99 times compared to smoking in the car.

Under age 15-19, the odds of smoking in coffee shops are more likely for both males
about 1.43 times, and females about 1.12 times compared to smoking in a car under
age 10-14 years old. Under age 15-19, the odds of smoking at home are less likely for
males about 0.52 times, and the odds of smoking at home are more likely for females
about 1.02 times compared to smoking in a car under age 10-14 years old. Under
age 15-19, the odds of smoking in public places are less likely for males about 0.79
times, and the odds of smoking in public places are more likely for females about 1.14

times compared to smoking in a car under ages 10-14 years old. Under age 15-19,
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the odds of smoking in workplaces are less likely for males about 0.82 times, and the
odds of smoking in workplaces are more likely for females about 1.03 times compared
to smoking in a car under age 10-14 years old.

Under age 20-24, the odds of smoking in coffee shops are more likely for both males
about 2.22 times, and females about 1.05 times compared to smoking in a car under
ages 10-14 years old. Under age 20-24, the odds of smoking at home are less likely for
males about 0.49 times, and the odds of smoking at home are more likely for females
about 1.02 times compared to smoking in a car under age 10-14 years old. Under age
20-24, the odds of smoking in public places are less likely for males about 0.94 times,
and the odds of smoking in public places are more likely for females about 1.05 times
compared to smoking in a car under age 10-14 years old. Under age 20-24, the odds
of smoking in workplaces are more likely for both males about 1.83 times, and females
about 1.23 times compared to smoking in a car under ages 10-14 years old.

Under age 25-29, the odds of smoking in coffee shops are more likely for males about
2.62 times, and the odds of smoking in coffee shops are less likely for females about
0.70 times compared to smoking in a car under age 10-14 years old. Under those aged
25-29, the odds of smoking at home are less likely for both males, about 0.71 times,
and females, about 0.87 times, compared to smoking in a car under ages 10-14 years
old. Under age 25-29, the odds of smoking in public places are more likely for males
about 1.46 times, and the odds of smoking in public places are less likely for females
about 0.91 times compared to smoking in a car under age 10-14 years old. Under the
ages 25-29, the odds of smoking in workplaces are more likely by about 5.09 times

compared to smoking in a car 10-14 years old, and for females, there are no significant
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differences between smoking in workplaces and smoking in a car under aged 10-14
years old.

Under age 30-34, the odds of smoking in coffee shops are more likely for males about
2.87 times, and the odds of smoking in coffee shops are less likely for females about
0.98 times compared to smoking in a car under age 10-14 years old. Under age 30-34,
the odds of smoking at home are less likely for males about 0.88 times, and the odds
of smoking at home are more likely for females about 1.02 times compared to smoking
in a car under age 10-14 years old. Under age 30-34, the odds of smoking in public
places are more likely for both males about 1.61 times, and females about 1.08 times
compared to smoking in a car under ages 10-14 years old. Under age 30-34, the odds
of smoking in workplaces are more likely for males about 6.22 times, and the odds
of smoking in workplaces are less likely for females about 0.84 times compared to
smoking in a car under age 10-14 years old.

Under age 35-39, the odds of smoking in coffee shops are more likely for males about
3.28 times, and the odds of smoking in coffee shops are less likely for females about
0.95 times compared to smoking in a car under age 10-14 years old. Under age 35-39,
the odds of smoking at home are equally less likely for both males and females, about
0.86 times compared to smoking in a car under age 10-14 years old. Under ages 35-
39, the odds of smoking in public places are more likely for males about 1.92 times
compared to smoking in a car under those aged 10-14 years old, and for females, there
are no significant differences between smoking in public places and smoking in a car
under aged 10-14 years old about. Under age 35-39, the odds of smoking in workplaces

are more likely for males about 7.78 times, and the odds of smoking in workplaces are
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less likely for females about 0.89 times compared to smoking in a car under age 10-14
years old.

Under age 40-44, the odds of smoking in coffee shops are more likely for both males
about 3.54 times, and females about 1.28 times compared to smoking in a car under
ages 10-14 years old. Under ages 40-44, the odds of smoking at home are less likely for
both males, about 1.01 times, and females, about 1.07 times, compared to smoking
in a car under ages 10-14 years old. Under age 40-44, the odds of smoking in public
places are more likely for both males about 2.50 times, and females about 1.20 times
compared to smoking in a car under ages 10-14 years old. Under ages 40-44, the
odds of smoking in workplaces are more likely for males about 8.39 times compared to
smoking in a car under ages 10-14 years old, and for females, there are no significant
differences between smoking in workplaces and smoking in a car under aged 10-14
years old.

Under age 45-49, the odds of smoking in coffee shops are more likely for males about
1.81 times, and the odds of smoking in coffee shops are less likely for females about
0.75 times compared to smoking in a car under age 10-14 years old. Under ages 45-49,
the odds of smoking at home are less likely for both males, about 0.80 times, and
females, about 0.91 times, compared to smoking in a car under ages 10-14 years old.
Under age 45-49, the odds of smoking in public places are more likely for males about
2.09 times, and the odds of smoking in public places are less likely for females about
0.84 times compared to smoking in a car under age 10-14 years old. Under age 45-49,
the odds of smoking in workplaces are more likely for males by about 7.38 times, and

the odds of smoking in workplaces are more likely for females by about 0.79 times
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compared to smoking in a car under age 10-14 years old.

Under age 50-54, the odds of smoking in coffee shops are more likely for both males
about 3.51 times, and females about 1.09 times compared to smoking in a car under
ages 10-14 years old. Under those aged 50-54, the odds of smoking at home are more
likely for both males, about 1.08 times, and females, about 1.45 times, compared to
smoking in a car under ages 10-14 years old. Under age 50-54, the odds of smoking in
public places are more likely for both males about 2.58 times, and females about 1.58
times compared to smoking in a car under ages 10-14 years old. Under age 50-54, the
odds of smoking in workplaces are more likely for both males about 8.31 times, and
females about 2.19 times compared to smoking in a car under ages 10-14 years old.
Under age 55-59, the odds of smoking in coffee shops are more likely for males about
3.29 times, and the odds of smoking in coffee shops are less likely for females about
0.93 times compared to smoking in a car under age 10-14 years old. Under those aged
55-59, the odds of smoking at home are less likely for both males, about 0.88 times,
and females, about 0.96 times, compared to smoking in a car under those aged 10-14
years old. Under age 55-59, the odds of smoking in public places are more likely for
both males about 2.43 times, and females about 1.16 times compared to smoking in a
car under age 10-14 years old. Under age 55-59, the odds of smoking in workplaces are
more likely for both males about 7.11 times, and females about 1.25 times compared
to smoking in a car under age 10-14 years old.

Under age 60-64, the odds of smoking in coffee shops are more likely for males about
1.95 times, and the odds of smoking in coffee shops are less likely for females about

(0.88 times compared to smoking in a car under ages 10-14 years old. Under those
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aged 60-64, the odds of smoking at home are less likely for both males, about 0.42
times, and females, about 0.87 times, compared to smoking in a car under those aged
10-14 years old. Under age 60-64, the odds of smoking in public places are more
likely for both males about 1.67 times, and females about 1.18 times compared to
smoking in a car under ages 10-14 years old. Under age 60-64, the odds of smoking in
workplaces are more likely for both males about 4.19 times, and females about 1.28
times compared to smoking in a car under ages 10-14 years old.

Under age 65+, the odds of smoking in coffee shops are more likely for both males
about 1.97 times, and females about 1.63 times compared to smoking in a car under
age 10-14 years old. Under age 65+, the odds of smoking at home are less likely for
males about 0.90 times, and the odds of smoking at home are more likely for females
about 1.22 times compared to smoking in a car under ages 10-14 years old. Under age
65+, the odds of smoking in public places are more likely for both males, about 1.85
times, and females, about 1.61 times compared to smoking in a car under ages 10-14
years old. For those under age 65+, the odds of smoking in workplaces are more likely
for both males about 2.44 times, and females about 1.94 times compared to smoking

in a car under ages 10-14 years old.

Males versus the Entire population

For those underage 65+, the odds are less likely to smoke for both males about 0.29
times, and the entire population about 0.24 times compared to the 10-14 age group.
For smokers under age 60-64, the odds are less likely to smoke for both males about

0.31 times, and the entire population about 0.26 times compared to the 10-14 age

172



group. For smokers under age 55-59, the odds are less likely to smoke for both males
about 0.37 times, and the entire population about 0.31 times compared to the 10-14
age group. For smokers under age 50-54, the odds are less likely to smoke for males
about 0.49 times, and the entire population about 0.37 times compared to the 10-14
age group. For smokers under age 45-49, the odds are less likely to smoke for males
about 0.85 times, and the entire population about 0.81 times compared to the 10-14
age group. For smokers under age 40-44, the odds are less likely to smoke for males
about 0.91 times, and the entire population about 0.87 times compared to the 10-14
age group. For smokers under age 35-39, the odds are more likely to smoke for both
males about 1.21 times, and the entire population about 1.17 times compared to the
10-14 age group. For smokers under age 30-34, the odds are more likely to smoke for
both males about 1.20 times, and the entire population about 1.11 times compared
to the 10-14 age group.

For smokers under age 25-29, the odds are more likely to smoke for both males about
1.29 times, and the entire population about 1.24 times compared to the 10-14 age
group. For those smoking under the age of 20-24, the odds of smoking are more
likely for both males about 1.74 times, and the entire population is about 1.33 times
compared to those aged between 10-14 years old. For those smoking under the age of
15-19, the odds of smoking are more likely for both genders, with males about 1.66
times and the entire population about 1.27 times compared to those aged between
10-14 years old.

The odds of smoking in coffee shops are less likely for both males, about 0.91 times,

and the entire population is about 0.92 times compared to smoking in cars. The odds
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of smoking at home are more likely for males, about 2.91 times, and the odds for the
entire population are about 2.90 times the odds compared to smoking in a car. The
odds of smoking in public places are more likely for both males at about 5.42 times,
and the entire population is about 5.08 times compared to smoking in the car. The
odds of smoking in workplaces are less likely for both males, about 0.83 times, and
the entire population is about 0.91 times compared to smoking in the car

Under ages 15-19, the odds of smoking in coffee shops are more likely for both males by
about 1.43 times and the entire population by about 1.32 times compared to smoking
in a car under ages 10-14 years old. Under ages 15-19, the odds of smoking at home
are less likely for both males by about 0.52 times and the entire population by about
0.69 times compared to smoking in a car under ages 10-14 years old. Under age 15-19,
the odds of smoking in public places are less likely for both males by about 0.79 times
and the entire population by about 0.92 times compared to smoking in a car under
age 10-14 years old. Under those aged 15-19, the odds of smoking in workplaces are
less likely for both males about 0.82 times, and the entire population about 0.88 times
compared to smoking in a car under 10-14 years old.

Under ages 20-24, the odds of smoking in coffee shops are more likely for both males
about 2.22 times, and the entire population about 1.81 times compared to smoking in
a car under ages 10-14 years old. Under age 20-24, the odds of smoking at home are
less likely for both males by about 0.49 times and the entire population by about 0.68
times compared to smoking in a car under ages 10-14 years old. Under ages 20-24, the
odds of smoking in public places are less likely for both males by about 0.94 times and

the entire population by about 0.99 times compared to smoking in a car under ages
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10-14 years old. For those under the age of 20-24, the odds of smoking in workplaces
are more likely for both males by about 1.83 times and the entire population by about
1.56 times compared to smoking in a car for those under the age of 10-14 years old.
Under those aged 25-29, the odds of smoking in coffee shops are more likely for both
males by about 2.62 times and the entire population by about 1.69 times compared
to smoking in a car under age 10-14 years old. Under age 25-29, the odds of smoking
at home are less likely for both males by about 0.71 times and the entire population
by about 0.79 times compared to smoking in a car under ages 10-14 years old. Under
age 25-29, the odds of smoking in public places are more likely for both males by
about 1.46 times and the entire population by about 1.22 times compared to smoking
in a car under ages 10-14 years old. Under those aged 25-29, the odds of smoking in
workplaces are more likely for both males about 5.09 times, and the entire population
about 2.94 times compared to smoking in a car under age 10-14 years old.

Under those aged 30-34, the odds of smoking in coffee shops are more likely for both
males about 2.87 times, and the entire population about 2.00 times compared to
smoking in a car under 10-14 years old. Under ages 30-34, the odds of smoking at
home are less likely for both males by about 0.88 times and the entire population by
about 0.94 times compared to smoking in a car under ages 10-14 years old. Under ages
30-34, the odds of smoking in public places are more likely for both males by about
1.61 times and the entire population by about 1.40 times compared to smoking in a
car under ages 10-14 years old. Under age 30-34, the odds of smoking in workplaces
are more likely for both males about 6.22 times, and the entire population about 3.50

times compared to smoking in a car under ages 10-14 years old.
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Under ages 35-39, the odds of smoking in coffee shops are more likely for both males
about 3.28 times, and the entire population about 2.15 times compared to smoking
in a car under ages 10-14 years old. Under age 35-39, the odds of smoking at home
are equally less likely for both males and the entire population, about 0.86 times
compared to smoking in a car under ages 10-14 years old. Under those aged 35-39,
the odds of smoking in public places are more likely for both males about 1.92 times,
and the entire population about 1.51 times compared to smoking in a car under age
10-14 years old. Under age 35-39, the odds of smoking in workplaces are more likely
for both males about 7.78 times, and the entire population about 4.16 times compared
to smoking in a car under ages 10-14 years old.

Under those aged 40-44, the odds of smoking in coffee shops are more likely for both
males about 3.54 times, and the entire population about 2.46 times compared to
smoking in a car under age 10-14 years old. Under age 40-44, the odds of smoking
at home are more likely for both males about 1.01 times, and the entire population
about 1.04 times compared to smoking in a car under ages 10-14 years old. Under ages
40-44, the odds of smoking in public places are more likely for both males by about
2.50 times and the entire population by about 1.93 times compared to smoking in a
car under ages 10-14 years old. Under age 40-44, the odds of smoking in workplaces
are more likely for both males about 8.39 times, and the entire population about 4.54
times compared to smoking in a car under ages 10-14 years old.

Under ages 45-49, the odds of smoking in coffee shops are more likely for both males
about 1.81 times, and the entire population about 1.83 times compared to smoking

in a car under ages 10-14 years old. Under those aged 45-49, the odds of smoking at
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home are less likely for both males about 0.80 times, and the entire population about
0.85 times compared to smoking in a car under 10-14 years old. Under ages 45-49, the
odds of smoking in public places are more likely for both males about 2.09 times, and
the entire population about 1.54 times compared to smoking in a car under ages 10-14
years old. Under the age 45-49, the odds of smoking in workplaces are more likely for
both males about 7.38 times, and the entire population about 3.95 times compared
to smoking in a car under the age of 10-14 years old.

Under ages 50-54, the odds of smoking in coffee shops are more likely for both males
about 3.51 times, and the entire population about 2.68 times compared to smoking
in a car under ages 10-14 years old. Under age 50-54, the odds of smoking at home
are more likely for both males about 1.08 times, and the entire population about 1.21
times compared to smoking in a car under ages 10-14 years old. Under ages 50-54, the
odds of smoking in public places are more likely for both males by about 2.58 times
and the entire population by about 2.32 times compared to smoking in a car under
ages 10-14 years old. Under age 50-54, the odds of smoking in workplaces are more
likely for both males about 8.31 times, and the entire population about 5.83 times
compared to smoking in a car under ages 10-14 years old.

Under ages 55-59, the odds of smoking in coffee shops are more likely for both males
about 3.29 times, and the entire population about 2.32 times compared to smoking
in a car under ages 10-14 years old. Under age 55-59, the odds of smoking at home
are less likely for both males about 0.88 times, and the entire population about 0.91
times compared to smoking in a car under ages 10-14 years old. Under ages 55-59,

the odds of smoking in public places are more likely for both males about 2.43 times,
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and the entire population about 1.99 times compared to smoking in a car under ages
10-14 years old. Under age 55-59, the odds of smoking in workplaces are more likely
for both males about 7.11 times, and the entire population about 4.41 times compared
to smoking in a car under ages 10-14 years old.

Under those aged 60-64, the odds of smoking in coffee shops are more likely for both
males by about 1.95 times and the entire population by about 1.51 times compared
to smoking in a car under age 10-14 years old. Under those aged 60-64, the odds
of smoking at home are less likely for both males about 0.42 times, and the entire
population about 0.60 times compared to smoking in a car under age 10-14 years
old. Under those aged 60-64, the odds of smoking in public places are more likely for
both males about 1.67 times, and the entire population about 1.51 times compared to
smoking in a car under age 10-14 years old. Under age 60-64, the odds of smoking in
workplaces are more likely for both males about 4.19 times, and the entire population
about 2.85 times compared to smoking in a car under ages 10-14 years old.

Under those aged 65+, the odds of smoking in coffee shops are more likely for both
males about 1.97 times, and the entire population about 1.77 times compared to
smoking in a car under age 10-14 years old. Under age 65+, the odds of smoking at
home are less likely for males by about 0.90 times, and the odds of smoking at home
are more likely for the entire population by about 1.03 times compared to smoking
in a car for those under age 10-14 years old. Under those aged 65+, the odds of
smoking in public places are more likely for both males about 1.85 times, and the
entire population about 1.78 times compared to smoking in a car under age 10-14

years old. Under age 65+, the odds of smoking in workplaces are more likely for both
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males by about 2.44 times and the entire population by about 2.18 times compared

to smoking in a car under ages 10-14 years old.

Females versus the Entire Population

For those smoking under age 65+, the odds are less likely to smoke for both females
by about 0.20 times, and the entire population by about 0.24 times compared to the
10-14 age group. For smokers under age 60-64, the odds are less likely to smoke for
both females about 0.20 times, and the entire population about 0.26 times compared
to the 10-14 age group. For smokers under age 55-59, the odds are less likely to
smoke for both females about 0.25 times, and the entire population about 0.31 times
compared to the 10-14 age group. For smokers under age 50-54, the odds are less
likely to smoke for both females about 0.25 times, and the entire population about
0.37 times compared to the 10-14 age group. For smokers under age 45-49, the odds
are less likely to smoke for both females about 0.77 times, and the entire population
about 0.81 times compared to the 10-14 age group. For those smoking under age
40-44, the odds are less likely to smoke for both females about 0.83 times, and the
entire population about 0.87 times compared to the 10-14 age group. For smokers
under age 35-39, the odds are more likely to smoke for both females about 1.13 times,
and the entire population about 1.17 times compared to the 10-14 age group.

For smokers under age 30-34, the odds are more likely to smoke for both females
about 1.02 times, and the entire population about 1.11 times compared to the 10-14
age group. For smokers under age 2529, the odds are more likely to smoke for both

females about 1.19 times, and the entire population about 1.24 times compared to the
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10-14 age group. For those smoking under the age of 20-24, the odds of smoking are
less likely for females by about 0.92 times compared to those aged 10-14 years old,
and the odds of smoking are more likely for the entire population by about 1.33 times
compared to those aged between 10-14 years old. For those smoking under age 15-19,
the odds of smoking are less likely for females by about 0.87 times, and the odds of
smoking are more likely for the entire population by about 1.27 times compared to
those aged between 10-14 years old.

The odds of Smoking in coffee shops are equally less likely for both females and the
entire population, about 0.92 times compared to smoking in cars. Smoking at home is
more likely for both females, about 2.89 times, and the entire population, about 2.90
times, compared to smoking in a car. The odds of Smoking in public places are more
likely for females by about 4.75 times and the entire population by about 5.08 times
compared to smoking in the car. The odds of Smoking in workplaces are less likely
for both females, about 0.99 times, and the entire population by about 0.91 times
compared to smoking in the car.

Under ages 15-19, the odds of smoking in coffee shops are more likely for both females
by about 1.12 times and the entire population by about 1.32 times compared to
smoking in a car under ages 10-14 years old. Under age 15-19, the odds of smoking
at home are more likely for females by about 1.02 times, and the odds of smoking at
home are less likely for the entire population by about 0.69 times compared to smoking
in a car for those under 10-14 years old. Under ages 15-19, the odds of smoking in
public places are more likely for females by about 1.14 times, and the odds of smoking

in public places are less likely for the entire population by about 0.92 times compared
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to smoking in a car under age 10-14 years old. For those under the age of 15-19, the
odds of smoking in workplaces are more likely for females by about 1.03 times, and
the odds of smoking in workplaces are less likely for the entire population by about
0.88 times compared to smoking in a car for those under the age of 10-14 years old.
Under those aged 20-24, the odds of smoking in coffee shops are more likely for both
females by about 1.05 times and the entire population by about 1.81 times compared
to smoking in a car under those aged 10-14 years old. Under age 20-24, the odds
of smoking at home are more likely for females by about 1.03 times, and the odds of
smoking at home are less likely for the entire population by about 0.68 times compared
to smoking in a car under age 10-14 years old. Under age 20-24, the odds of smoking in
public places are more likely for females by about 1.05 times, and the odds of smoking
in public places are less likely for the entire population by about 0.99 times compared
to smoking in a car under those aged 10-14 years old. Under the age of 20-24, the
odds of smoking in workplaces are more likely for both females by about 1.23 times
and the entire population by about 1.56 times compared to smoking in a car among
those aged 10-14 years old.

Under the age of 25-29, the odds of smoking in coffee shops are less likely for females
by about 0.70 times, and the odds of smoking in coffee shops are more likely for the
entire population by about 1.69 times compared to smoking in a car for under age
10-14 years old. Under those aged 25-29, the odds of smoking at home are less likely
for both females by about 0.87 times and the entire population by about 0.79 times
compared to smoking in a car under those aged 10-14 years old. Under age 25-29, the

odds of smoking in public places are less likely for females, about 0.91 times, and the
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odds of smoking in public places are more likely for the entire population, about 1.22
times, compared to smoking in a car under age 10-14 years old. Under ages 25-29, the
odds for females, there is no significant difference between smoking in workplaces and
smoking in a car under ages 10-14 years old, and the odds of smoking in workplaces
are more likely for the entire population about 2.94 times compared to smoking in a
car under aged 10-14 years old.

Under those aged 30-34, the odds of smoking in coffee shops are less likely for females
by about 0.98 times, and the odds of smoking in coffee shops are more likely for the
entire population by about 2.00 times compared to smoking in a car under age 10-14
years old. Under age 30-34, the odds of smoking at home are more likely for females
by about 1.02 times, and the odds of smoking at home are less likely for the entire
population by about 0.94 times compared to smoking in a car for those under 10-14
years old. Under those aged 30-34, the odds of smoking in public places are more
likely for both females by about 1.08 times and the entire population by about 1.40
times compared to smoking in a car under those aged 10-14 years old. Under the age
of 30-34, the odds of smoking in workplaces are less likely for females by about 0.84
times, and the odds of smoking in workplaces are more likely for the entire population
by about 3.50 times compared to smoking in a car under age 10-14 years old.

Under those aged 35-39, the odds of smoking in coffee shops are less likely for females
by about 0.95 times, and the odds of smoking in coffee shops are more likely for the
entire population by about 2.15 times compared to smoking in a car under age of
10-14 years old. Under age 35-39, the odds of smoking at home are equally less likely

for both females and the entire population, about 0.86 times compared to smoking
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in a car under age 10-14 years old. Under age 35-39, the odds of smoking in public
places are less likely for females by about 0.99 times, and the odds of smoking in
public places are more likely for the entire population by about 1.51 times compared
to smoking in a car under age 10-14 years old. Under ages 35-39, the odds of smoking
in workplaces are less likely for females by about 0.89 times, and the odds of smoking
in workplaces are more likely for the entire population by about 4.16 times compared
to smoking in a car under age 10-14 years old.

Under those aged 40-44, the odds of smoking in coffee shops are more likely for both
females by about 1.28 times and the entire population by about 2.46 times compared
to smoking in a car under age 10-14 years old. Under those aged 40-44, the odds of
smoking at home are more likely for both females about 1.07 times, and the entire
population about 1.04 times, compared to smoking in a car under age 10-14 years old.
Under those aged 40-44, the odds of smoking in public places are more likely for both
females by about 1.20 times and the entire population by about 1.93 times compared
to smoking in a car under those aged 10-14 years old. Under age 40-44, the odds of
smoking in workplaces are less likely for females by about 0.99 times, and the odds of
smoking in workplaces are more likely for the entire population by about 4.54 times
compared to smoking in a car under age 10-14 years old.

Under age 45-49, the odds of smoking in coffee shops are less likely for females by
about 0.75 times, and the odds of smoking in coffee shops are more likely for the
entire population by about 1.83 times compared to smoking in a car under age 10-14
years old. Under ages 45-49, the odds of smoking at home are less likely for both

females by about 0.91 times and the entire population by about 0.85 times compared

183



to smoking in a car under ages 10-14 years old. Under age 45-49, the odds of smoking
in public places are more likely for females by about 0.84 times, and the odds of
smoking in public places are more likely for the entire population by about 1.54 times
compared to smoking in a car under age 10-14 years old. Under those aged 45-49, the
odds of smoking in workplaces are less likely for females by about 0.79 times, and the
odds of smoking in workplaces are more likely for the entire population by about 3.95
times compared to smoking in a car under those aged 10-14 years old.

Under those aged 50-54, the odds of smoking in coffee shops are more likely for both
females by about 1.09 times and the entire population by about 2.68 times compared
to smoking in a car under those aged 10-14 years old. Under those aged 50-54, the
odds of smoking at home are more likely for both females by about 1.45 times and
the entire population by about 1.21 times compared to smoking in a car under those
aged 10-14 years old. Under age 50-54, the odds of smoking in public places are more
likely for both females by about 1.58 times and the entire population by about 2.32
times compared to smoking in a car under those aged 10-14 years old. Under those
aged 50-54, the odds of smoking in workplaces are more likely for both females by
about 2.19 times and the entire population by about 5.83 times compared to smoking
in a car under those aged 10-14 years old.

Under age 55-59, the odds of smoking in coffee shops are less likely for females, about
0.93 times, and the odds of smoking in coffee shops are more likely for the entire
population, about 2.32 times compared to smoking in a car under age 10-14 years old.
Under ages 55-59, the odds of smoking at home are less likely for both females by

about 0.96 times and the entire population by about 0.91 times compared to smoking
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in a car under ages 10-14 years old. Under age 55-59, the odds of smoking in public
places are more likely for both females by about 1.16 times and the entire population
by about 1.99 times compared to smoking in a car under those aged 10-14 years old.
Among the ages 55-59, the odds of smoking in workplaces are more likely for both
females by about 1.25 times and the entire population by about 4.41 times compared
to smoking in a car under age 10-14 years old.

Under ages 60-64, the odds of smoking in coffee shops are less likely for females, about
0.88 times, and the odds of smoking in coffee shops are more likely for the entire
population, about 1.51 times compared to smoking in a car under age 10-14 years
old. Under those aged 60-64, the odds of smoking at home are less likely for both
females by about 0.87 times and the entire population by about 0.60 times compared
to smoking in a car under those aged 10-14 years old. Under age 60-64, the odds of
smoking in public places are more likely for both females by about 1.18 times and the
entire population by about 1.51 times compared to smoking in a car under those aged
10-14 years old. Under age 60-64, the odds of smoking in workplaces are more likely
for both females by about 1.28 times and the entire population by about 2.85 times
compared to smoking in a car under the age of 10-14 years old.

For those under age 65+, the odds of smoking in coffee shops are more likely for both
females by about 1.97 times and the entire population by about 1.77 times compared
to smoking in a car for those under 10-14 years old. Under the age of 65+, the odds of
smoking at home are more likely for both females by about 1.22 times and the entire
population by about 1.03 times compared to smoking in a car under 10-14 years old.

For those aged 65+, the odds of smoking in public places are more likely for both

185



females, about 1.61 times, and the entire population, about 1.78 times, compared to
smoking in a car under age 10-14 years old. For those aged 65+, the odds of smoking
in workplaces are more likely for both females by about 1.94 times and the entire
population by about 2.18 times compared to smoking in a car under those aged 10-14

years old.
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CHAPTER 4

HURDLE MODEL

4.1 Introduction

In real-world applications, data confined to the restricted domain of [0,1) are prevalent
in various disciplines, representing proportions, standardized values, or transformed
metrics. Examples include demographic ratios (e.g., sex ratio, dependency ratio),
economic indicators (e.g., savings-to-income ratio, capital-to-output ratio), and engi-
neering metrics (e.g., aspect ratio in aerospace, extinction ratio in telecommunications)
[41]. However, the diversity and variability of data sets in fields such as engineering,
insurance, and medical sciences pose significant challenges, as no single distribution
can universally capture the characteristics of all types of data [42], [43]. This limi-
tation underscores the need to continuously develop new distributions to address the
unique variations observed in diverse data sets. Distributions are indispensable tools
for data scientists [44], [45] and other data users, allowing them to perform inferen-
tial analyses and extract insights to inform decision-making processes. These tools

enable domain experts to interpret, characterize, and predict patterns in real-world
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phenomena that generate the data.

Continuous distributions with bounded domains, such as the Beta distribution (Pear-
son type IV), are essential for modeling bounded phenomena like proportions or other
characteristics confined to specific ranges. The Beta distribution, with origins trac-
ing back to a 1676 correspondence between Sir Isaac Newton and Henry Oldenberg,
remains one of the most extensively studied and widely recognized distributions in
statistical theory. Despite its prominence, the Beta distribution is not universally
applicable, necessitating the development of alternative or complementary distribu-
tions to model bounded data effectively. This ongoing effort reflects the critical role
of statistical distributions in addressing the complexities and variations inherent in
real-world data in diverse fields [46]. Numerous anomalies develop data expressed as
percentages, rates, ratios, or proportions, and such data generally belong to specific
intervals, most commonly the unit interval (0, 1). Such bounded data often arise in
diverse fields, including hydrology [47], actuarial science [48], political science [49],
finance [50], psychology [51], and municipal waste management [52].

Various probabilistic models have been developed to model data in the interval (0, 1),
with the beta distribution being the most utilized. Despite its extensive application,
the beta distribution has a significant limitation: its cumulative distribution function
(CDF) is expressed entirely in special functions, making it a systematically intensive
and sophisticated associated statistical inference. Several variant distributions have
been proposed to address this, among which the Kumaraswamy distribution [53] is
particularly notable. Although the Kumaraswamy distribution is beta-type and shares

similarities with the beta distribution, it offers greater docility, as highlighted by Jones
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[54], who compared the two distributions comprehensively.

In addition to the Kumaraswamy distribution, many other unit distributions have
been developed to model data sets confined to the unit interval [0, 1]. These data sets
often arise from various and complex anomalies, requiring distributions with greater
flexibility and fitting expertise. Although the Kumaraswamy distribution is widely
recognized, various variant distributions existed before its introduction, offering vi-
able alternatives when the beta or Kumaraswamy distributions fail to achieve a sat-
isfactory fit. Advanced advancements have introduced additional options to the beta
distribution, including the unit upper truncated Weibull distribution [55], the Unit-
Logistic distribution [56], the Topp-Leone distribution [57], Johnson S’B distribution
[58], Johnson Sp distribution [59], the two-parameter unit logistic distribution [60], the
two-parameter unit-Birnbaum—Saunders distribution [61], the unit-Gompertz distri-
bution [62], the unit-inverse Gaussian distribution [63], the unit-Rayleigh distribution
[64], the Arcsine distribution [65], the Simplex distribution [66], the Reflected General-
ized Topp-Leone distribution [67], the Beta Power distribution [68], the Exponentiated
Kumaraswamy distribution [69], and the Marshall-Olkin Extended Kumaraswamy dis-
tribution [70], the unit-Lindley distribution [71], [72], the unit Burr-XII distribution
(73], the unit log-log distribution [74], and flexible univariate and bivariate families
of distributions for the unit interval. It is essential to acknowledge that many distri-
butions discussed above involve partial gamma functions, significantly complicating
their computational implementation. Furthermore, most of these distributions are
characterized by more than two parameters, and their ranges often depend on specific

parameter values, making parameter estimation challenging and complicated.
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Despite these complexities, various distributions with bounded support have been
derived from standard distributions through various mathematical transformations.
Similarly, unit distributions can be developed through transformations of random
variables. For example, if a random variable X is defined in the interval 0, oo, the
transformation Y = exp(—X can produce a unit distribution. Examples of this include
the unit Rayleigh distribution and the log WE distribution, the Unit Gamma distri-
bution, the Kumaraswamy distribution with parameters o and [, the Log-Lindley
distribution with parameters o and 3, the unit G/G distribution, unit Fréchet distri-
bution, the unit Birnbaum-Saunders, which arise when Xfollows the Rayleigh distri-
bution or the weighted exponential (WE) distribution [75], and Gamma distribution
[76], Exponential-Exponential distribution [53], Lindley distribution with parameters
a and [ [77], the gamma/Gompertz (G/G) distribution by [78], [79] the Fréchet dis-
tribution [80], the Birnbaum Saunders distribution [70], [81] respectively.

Another transformation involves the random variable Y = X /(1 + X)), which fol-
lows the unit Lindley distribution [62] if X is distributed according to the Lindley
distribution [73]. Suppose that the random variable X follows the improved second-
degree Lindley (ISDL) distribution by [82], [72] defined a unit random variable as
Y = X/(1 + X), and the distribution of Y is called the unit ISDL distribution. If

X follows a random variable, then ¥ =1 — m. Follows a Johnson SB distri-
ex’ B

bution with parameters o and /5 [59], the Johnson SB distribution [58], and the Unit
Logistic distribution [56]. The distribution of Y is referred to as a standard normal
distribution, a standard Laplace distribution, and a standard logistic distribution, re-

spectively. Additionally, for A > 0, the power transformation ¥ = X* results in the
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two-parameter Topp-Leone distribution [83] if X follows the Topp-Leone distribution

57].

4.2 The Proposed Model

The two-parameter Gompertz (G) distribution, introduced by [84], represents an ex-
tension of the exponential distribution and plays a crucial role in survival analysis.
It is beneficial for constructing accurate actuarial and human mortality tables. The
Gompertz distribution is a valuable model for survival distributions described by an
increasing hazard rate. It is also widely used by demographers and actuaries to out-
line the distribution of adult life spans, as highlighted in [85]. Numerous studies have
supported the statistical characterization and methodological advancements of the
Gompertz distribution, as evidenced by the works of [86], [87], [88], [89], [90], [91],
[92]. Inverse distributions have been incorporated into modeling frameworks within
demography, biological studies, and actuarial research, as discussed in [92], [93], [94],
[95], [96]. Specifically, the inverse Gompertz (IG) distribution was introduced by [97]
as a lifetime model. Let X be a random variable following an IG distribution with
shape parameter @ > 0 and scale parameter f > 0. The cumulative distribution

function (CDF) of X is given by:

F;dx;a,ﬁ)zexp(%(l—exp(g))>, x>0, «af>0. (4.1)
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Similarly, the probability density function (PDF) of X is formulated as:

fx(x;a,8) = %exp (% (1 — exp (g)) + g) , >0, af>0. (4.2)

[98] introduced a novel existence model with a single parameter called the A distribu-
tion. The random variable X is said to follow a new distribution, with a single scale
parameter [, trimmed as X ~ A(f). The cumulative distribution function (CDF) is

defined as follows:

ris-oo (L (1o (2)), om0 ug

The cumulative distribution function (CDF') can be derived from the inverse Gompertz
model as an exclusive scenario. The probability density function (PDF) of the A

distribution can be expressed as

Flw: B) = %exp (% <1 — exp (g)) + g) 20 (4.4)

Putting @ = 1 in equations (4.1) and (4.2), the CDF and PDF of the A distribution
with the scale parameter § can be derived as in equations (4.3) and (4.4). This
implies that the A distribution serves as a specific case of the IG distribution. In

many practical scenarios, classical distributions often fail to provide an adequate fit
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to real-world data. As a result, numerous generators have been developed to create
new models that better capture the complexities of empirical data, as evidenced by
the studies referenced in [99], [100], [101], [102], [103], [104], [105], [106], [107], [97],
[108].

In alignment with this research trajectory, we propose a novel unit distribution derived
from the inverse Gumpertz distribution through an appropriate transformation of ran-
dom variables. This new distribution aims to expand the existing repertoire of unit
interval models, offering enhanced flexibility and applicability for modeling bounded
data. Using the properties of the inverse Gumpertz distribution and employing a suit-
able transformation, we seek to address the potential limitations of existing models
while providing a robust tool for statistical analysis in various applied fields. More-
over, additional considerations may be necessary beyond the data specified within the
interval [0,1] to ensure a comprehensive analysis and interpretation. In practice, unit
data may also include boundary cases, such as intervals (0, 1] or [0, 1], where data
points may consist of many zeros, ones, or both. Such scenarios require specialized
models, such as hurdle models, to account for excess boundary values. Several hurdle
models have been proposed in the literature, including the generalized Poisson hur-
dle model [109], inflated beta distributions [110], inflated Kumaraswamy distributions
[111], and the inflated unit-Birnbaum-Saunders distribution [112]. These models are
particularly useful for analyzing datasets with a preponderance of boundary values,

ensuring robust and accurate statistical inference.
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4.3 Methodology

4.3.1 Unit Inverse Gompertz Distribution (UIGD)

The inverse Gompertz distribution (IGD) was originally defined in the interval (0, co)

with the cumulative distribution function (CDF):

Fx(x) = exp (% (1 — exp (g))) , x>0, >0.

To use this distribution in contexts where variables are restricted to [0,1], we can

apply the following transformations:

Y= (4.5)

where X ~ IGD. This transformation ensures that as X — 0%, Y — 1, and as
X — 00, Y — 0. Thus, Y is bounded between 0 and 1.
The CDF of Y, denoted as Fy(y), can be derived from the relationship between Y

and X:



Substituting the CDF of X into this expression gives:

o= (52) 4 (5)

. . 1—
Derivative of Ty:

fX(x):iQeXp<ﬁ (1—exp<§))+§), x>0 (4.8)
Substituting = = 1%’ into fy(x) we get
1 1 B B 1
e (ﬂ 2P (5 <1_eXp(1—yy>)+1—yy)'? (49)
y

() 7 0-0P
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Thus, the PDF of Y becomes:

Frly) = ﬁexp (% (1 —exp (ﬂ» 4 ﬂ) L ye(01)  (4.10)

I—y -y

The transformed Inverse Gompertz Distribution on (0, 1) is defined by:

« CDF:

Fe(y) = 1 — exp (% (1 —exp (ﬁ—yy)» L ye(0,1)

« PDF:

o= g3 (o () 25 veon

These expressions are suitable for modeling probabilities or proportions in a GLM.
Beyond the previously introduced transformation, an alternative mapping of X that

also ensures its support is confined to the unit interval (0, 1) is given by

This transformation provides a different perspective on rescaling X while preserving
its key distributional properties. Unlike the earlier transformation, which maps large
values of X to points closer to 0, this transformation ensures a direct proportionality
between X and Y, meaning that larger values of X correspond to values of Y closer to
1. Specifically, this transformation ensures that as X — 0%, Y — 0, and as X — oo,

Y — 1. This can be particularly useful in applications where the relative size of

196



X plays a role in determining probabilities within the unit interval. In addition, this
transformation maintains interpretability in contexts where Y represents a normalized
or fractional version of X, such as proportion-based models or probability-related
frameworks. By leveraging this alternative transformation, we derive the cumulative

distribution function (CDF) of Y, denoted as Fy(y), as follows:

Using the CDF of X, we get:

Al = P (1) (411)

Substituting the CDF of X into this expression gives:

Ao (31w (Z))), vewn

The PDF of Y, denoted as fy(y), can be obtained using the relationship:

fr(y) = fx (lg—y) : ‘d% <%)‘ (4.13)
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Derivative of ﬁ—y:

Substituting the PDF of X:

po= Lo (3 (1-en(2)) ). w0

fy(y)zé(%Xp(l (1—exp<5(1_y)))+5(1_y)>, ye(0,1) (417

The transformed Inverse Gompertz Distribution on [0, 1] is defined by:
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« CDF:

-3 (e (252). et

« PDF:

o= s (4 (1 o (P20} 2U=0) oy

Y

These expressions are suitable for modeling probabilities or proportions in a GLM.
The plot of CDFs and PDFs for these two transformation methods based on different

values of f are given in Figure 4.1

4.3.2 Comparison of Transformations

Both transformations, ¥ = —~ and Y = map the original domain of X (which

X
+X +X°
is [0,00) for the Inverse Gompertz Distribution) into the range [0,1]. However, the
two transformations differ in their behavior at the boundaries of the domain, their

mathematical properties, and the situations in which they may be more appropriate.

The following is a detailed comparison of these two transformations.

1

Transformation 1: Y = %

This transformation maps the variable X from the range [0, 00) to [0, 1] in a decreasing
monotonic way. Specifically, as X — 07, Y — 1 and as X — oo, Y — 0. The CDF

of Y, Fy(y) and the PDF of Y, fy(y), are derived as follows:
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=g (3 (o () 25). veon

X

Transformation 2: Y = e

This transformation also maps the variable X to the range [0, 1], but in a different
way, as X — 07, Y — 0and as X — oo, Y — 1. The CDF and PDF of Y are derived

as:

- 3o (*52). ven

4.3.3 Differences Between the Two Transformations
+ Behavior at Boundaries:

1. Y = maps X = 0 to Y = 1, which means that it starts with a value

1
+X
of 1 and decreases to 0 as X — oo. This transformation might be useful

200



when higher values of X (and hence higher values of Y) are more likely or

significant in a given model.

2. Y = HLX maps X = 0 to Y = 0, which means that it starts at zero
and increases to 1 as X — oo. This might be more suitable when the

lower values of X (and hence the lower values of Y') are more frequent in

a modeling scenario.

o Monotonicity: Both transformations are monotonic, but the directions are dif-
ferent. The first transformation decreases, while the second transformation in-

creases.
» Speed of change:

1. InY = the change in Y is more rapid for smaller values of X and the

_1
11X’
lower values increase X . This makes it useful when the data are clustered

around smaller values of X.

2. InY = HLX, the change in Y is gradual for smaller values of X and
accelerates as X increases. This might be appropriate when the data are

spread more evenly over larger values of X.
o Interpretation and Modeling Considerations:

1. Y = 5 may be more appropriate when modeling situations where the
outcome variable (which is constrained between 0 and 1) is more likely to

take higher values and decrease as input X increases.
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2. Y = 1%{ might be more suitable when the outcome is expected to grow

with input X, but growth slows as X increases.

4.3.4 Suitability for GLMs

Both transformations are useful in Generalized Linear Models (GLMs) when modeling
variables bounded between 0 and 1. However, the choice of transformation should
also consider the nature of the outcome variable, specifically regarding the presence

of excess zeros and ones:

o Excess Zeros: If the outcome is more likely to be 0 (i.e., there are excess zeros

in the data), the transformation Y = 1%{ may be more appropriate. This is
because this transformation starts at 0 when X = 0, and the values of Y increase
toward 1 as X increases. It is better suited for situations where the data have a

lower probability of success (that is, Y values close to 0) and gradually change

to higher values as X increases.

o Excess Ones: If the outcome is more likely to be 1 (i.e., there are excess ones

in the data), the transformation ¥ = 14+X is more appropriate. This transfor-
mation starts at 1 when X = 0 and decreases to 0 as X increases. It is more
suitable when the outcome variable takes higher values, and the values decrease

as the predictor X increases.

Both transformations are mathematically valid and allow for data modeling in the

and Y = —X_ should be guided by

interval [0, 1]. The choice between Y = H;X X

the underlying behavior of the data and the direction of the relationship between the
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predictor and the outcome variable. Additionally, if there are excess zeros or excess

ones in the data:

X

Trx is more appropriate for excess zeros.

e Transformation Y =

1

% is more suitable for excess ones.

e Transformation Y =

Analyzing the distribution of the response variable and understanding the data domain

will help determine which transformation is more appropriate for a given application.

4.3.5 Reliability and Hazard Rate Function

1. Reliability Function

The reliability function, also known as the survival function, is a fundamental
concept in lifetime analysis and reliability engineering, serving as a key tool
for quantifying the probability that a functional device or system will operate
without failure for a specified period. It is widely used to evaluate the perfor-
mance, durability, and lifespan of components, systems, and products. For a
random variable Y representing the lifetime or time to failure of a component,

the reliability function Ry (y) is defined as;

Ry(y) =1- Fy(y) (4.18)

Fy (y) is the cumulative distribution function (CDF) of the components.
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The function Fy(y), often termed unreliability, represents the probability of
failure at time t. This concept forms the foundation of reliability engineering and
survival analysis, enabling the assessment and prediction of system performance
and failure over time [113]. The reliability function of the unit inverse Gumpertz

distribution (UIGD) is expressed as;

From (4.18), using the first transformation, where Y = ¢

Ry (y) = exp (% (1 ~ exp (%))) (4.19)

Using the second transformation, where ¥ = ==

=1 e (& (1o (21=9))) w20

. Hazard Rate Function (HRF)

The Hazard Rate Function (HRF), the reverse of the Reliability Function, also
known as the instantaneous failure rate, is another critical measure in relia-
bility analysis. Quantifies the likelihood of failure for a device or system that

is currently operating. A higher hazard rate indicates a higher probability of
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imminent failure, reflecting an increased risk at a specific point in time. Mathe-
matically, the hazard function represents the probability of failure over a short
interval tg to ty + dtg, given that the system has survived up to tg. The hazard
rate function can be written in terms of the probability density function (PDF)

fv(y) and the reliability function Ry (y) :

by (y) = (4.21)

The hazard function is particularly valuable for identifying periods of increased
risk in a system’s lifecycle, facilitating proactive maintenance and risk mitigation
strategies. It is widely applied in engineering, healthcare, and manufacturing
to predict failure behavior and enhance system reliability [55]. From (4.21), the

hazard rate based on the first transformation is expressed as;

brl) = = e (f_yy) (122)

For the second transformation, the hazard rate
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hy(y) =

1 1 B-y) sQ-y)
() 1o (£52)) - 2

1 —exp (% (1 —Xp <@>>>
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Figure 4.1: Some plots of the cdf (a) and (c), pdf(b) and (d) of the proposed
distribution for selected values of 3 of the two transformations
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of 3 of the two transformations
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4.3.6 The p-th Ordinary Moment

The p-th ordinary moment of a continuous random variable Y is defined as:

E(Y?) = / Iy (4.24)

where f(y) is the probability density function (PDF) of Y. If Y follows the unit

inverse Gompertz distribution under the first transformation:

Where X is a random variable with the inverse Gompertz distribution, then the p -th

moment of the new unit distribution is given by:

B = /01 yp(l —1y)2 o (% (1 —o (16—yy>) " 1ﬁ—yy) W (4.25)

we rewrite:
By ZOO 1 ([ By \"
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Now, if we multiplying equation (4.26) by % we have:

(o ()5S e

I 1 "
%_EZH<&) P (4.28)

1 11/ By \", By

11 11 By \", By )
Z%(E‘B;H(uy) +1_y> | (4.30)

o [, 1 (1 o1 By N\ By )
E[Y]_/oy(l—y)2 ml(ﬁ an!(l—y) +1—y) W (430
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Now, it is not difficult to see that the integral in (4.31) can be rewritten as:

EY" =YY Cun /0 yPr (1 —y) " My |, (4.32)

m=0 n=0

Recognizing that the boxed part of (4.32) is a Beta function and can be expressed as,

1
/ Y (1 — ) 'y = B(a,b) = )
0

with a =p+n+1and b = —1 — n, we obtain:

Fp+n+1)I(-=1—n)

Blp+n+1,-1—n)= T+ 1)

Thus,

E[Y?] = i Chn (4.33)

m=0

T(p+ DI (m + 1)
I'(p+m+2)

The sum in equation (4.33) can be written in terms of a hypergeometric function,

hence the pth moment based on the transformation Y = HLX becomes
I'p+1
E[Y?] = %2F1(1,p+1;p+2;—5). (4.34)
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Similarly, if Y follows the unit inverse Gompertz distribution under the second trans-

formation, it is defined as:

Let:
A dt ﬁeﬁG_l) at PG
= € Yy _—= —_———— - =
dy y? B y?
Also:
1 B
t g (y ) — Int+ 4

Then:

o ! Ié] Pr dt
E(Y)__/Oo(lnt-i-ﬁ) ]

e’} 1 p .
TBdt
/1 (lnt+5> ‘ ‘

1

= 6p7165

The given integral is:

0 1 p ‘
I = “Bdt.
/1 <lnt+ﬁ) ¢
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The exponential term e can be expanded as a Taylor series:

Interchanging the summation and integrating (valid under uniform convergence):

IR
I;) 5’%!/1 (lnt+ﬁ)f’dt'

Let:

I, = —dt.
’ /1 (Int + B

To simplify I, we substitute Int = u, so that t = e* and dt = e¢“du. The limits change

as follows:

t=1 = u=0, t—00 = u— o0.

This transforms [ into:
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oo eku 00 6(chrl)u
] = / —eudu = / —du
" Jo (w+p)p o (ut By

We can expand by using the binomial series expansion for negative powers:

+5)p

a8 R (D 6)

Substituting this into I:

_ 1 OO i - —-p u\™
Jk—@/o ek +h) mz (m> (E) du.

=0

1 & >
I, = ﬁ_; ( ) / u™eF gy

The integral fooo ume*tDudy is a standard form of the Gamma function after sub-

stituting v = —(k + 1)u:

e —1)™m/!
/ wmelirug, — (Z1)™m
0 (

k+1)m+t

Substituting into Ij:

Substituting I into I, we have:
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DL e\ m! (=)
=3 G w2 (o) Faape

The hypergeometric function o F(a, b; ¢; z) is defined as:

oFi(a,b; c; 2) Z (4.36)

m=0

Where (a),, is the Pochhammer symbol, defined as:

['(a+m)

(@)m =ala+1)(a+2)---(a+m—1)= (o)

The double summation in the expression is the following:

NE- (-1
> G 32 () e g 30

k=0 m=0

The term (;f) can be written in terms of the Pochhammer symbol:




Substituting this into the summation gives:

S o V= o VO P
;<m>ﬁ_mm_; pmm! (k4 1)m+t

Simplifying the factorials yields the following:

S (P)m

m=0

1

Factoring in =5:

[e.e]

1 (P)m
k;+1n;) (k+ 1)mpm’

1
2 Fy (p,l;hm)-
Py _ Ap—1.% - (=1)* 1 . 1
E(Y?) = pPles ; P BT o F (m,Lm). (4.38)
The p-th moment of Y is given by:
Py — Ap—1.% o (—1)* 1 L 1
E(Y )_6 1652 6’“[{;' Bp(k}—l—l) 2F1 (p,l,l,m) s (439)

k=0

where o F1(a, b; ¢; z) is the hypergeometric function.
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4.3.7 Parameter Estimation

Several methods are available to estimate the unknown parameters of a given statistical
model. Some of the most widely used methods in the literature include the method of
moments (MoM), the L-moments approach, maximum likelihood estimation (MLE),
the least squares approach, probability-weighted moments (PWM), and the mixed
moments approach. For further details on these methodologies, see [114],[115], [116],
and [117]. Among these, Maximum Likelihood Estimation (MLE) is regarded as one of
the most effective techniques for parameter estimation due to the following advantages:
Mathematical Simplicity, Asymptotic Unbiasedness, Minimal Variance, and Invariance
Property. The MLE of a transformed function or parameter is equivalent to the
transformation of the MLE of the original function or parameter. For additional

information on MLE, see [118],[119], and [120].

4.3.8 Maximum Likelihood Estimation for UIG Distribution

This research used the maximum likelihood estimate (MLE) method to estimate the
proposed unit-inverse Gompertz distribution parameter. Assuming Y; to be a random
variable with the unit inverse Gompertz distribution, the likelihood function is given

as:

L©) =] fw:5) (4.40)

Substituting Equation (4.17) into Equation (4.40), we have the following.
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L©) =] ~ exp (% <1 —exp (5(1—_“)) + M) (4.41)

In practice, it is easier to work with the log-likelihood function. The log-likelihood
function ¢(©ly) based on a random sample of size n with the corresponding observa-

tions y1, ¥y, . .., Y, are given by:

(Oly) =10 L(©) = 3 log /(1 ) (4.42)

We obtain the following by substituting Equation (4.17) into Equation (4.42).

3

(Oly) =) [— log(y?) + % (1 — exp <M)) + @} (4.43)

i=1

Simplifying Equation (4.43), we have:

n

(Oly) =) {—QIOg(yi) + % (1 — exp (M)) + W} (4.44)

i=1 Yi

The partial derivative of ¢(Oly) given in Equation (4.44) with respect to [ is:
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ae(;;!y) B [}3—1 (1 . (@)) . (exp (5(1; yg)) a ;iyo LG yiw%%)

Similarly, we obtain the following by substituting Equation (4.17) into Equation

(2.36).

M (G0 (2) %) oo

)

The log-likelihood function is then given by:

n

(Oly) =) {_ log(1 — y;)? +% (1 — exp (15_”" )) 4 P } (4.47)

i=1 Yi 1 —wy

Simplifying Equation (4.47), we obtain:

/(6ly) = En:{ 210g1—y,)—|—; <1—eXp< Byi')>+ By } (4.48)

i=1

The partial derivative of /(O|y) in Equation (4.48) with respect to § is given by:
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It is important to note that Equations (4.45) and (4.49) are nonlinear for the parameter
(. Consequently, an analytical solution cannot be derived by setting the equation to
zero. However, maximum likelihood estimates (MLE) for /3, denoted as 3, can be
efficiently computed using numerical optimization methods. One such approach is
the Newton-Raphson algorithm, which minimizes the log-likelihood function ¢(O|y).
Various statistical and mathematical software packages, such as the nlm and optim
functions in R [121], provide robust implementations of Newton-type algorithms for

this purpose.

4.3.9 Model Adequacy

To evaluate the suitability of a parametric model fitted to the data, it is essential to
determine how well it conforms to the observed data. One widely used approach for

this purpose is the Kolmogorov-Smirnov (KS) test, which is formulated as:

KS = max |F,(y) — F(y) (4.50)

yEData

This test helps to assess the goodness of fit of continuous univariate distributions,
particularly those with a support range of RT. An extensive value of the KS test
p (greater than 0.05) implies that the assumed distribution adequately represents
the data. Additionally, the adequacy of nonnested models can be compared using

information criteria metrics, such as:
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 Akaike Information Criterion (AIC) [122]:

AIC = =2L + 2k

» Bayesian Information Criterion (BIC) [123]:

BIC = —=2L + klog(n)

 Akaike Information Criterion with Correction (AICc) [124]:

2%k (k + 1)

AlCec = AIC
¢ +n—k—1

where £ denotes the maximized log-likelihood value, k represents the number of
model parameters, and n is the sample size. A model with the lowest AIC, BIC, and

AICc values is generally preferred, indicating better model performance than others.

4.3.10 Unit Inverse Gumpertz Hurdle distribution (UIGHur-

dle)

The unit inverse Gompertz distribution is well-suited for modeling random variables
defined on the open interval [0, 1), especially when the data contain few or no zeros.
However, in practical applications, we often encounter datasets that include a signif-
icant number of zeros and ones or even an excess of these values. In such scenarios,

the support of the random variable extends to the closed interval [0, 1], necessitating a
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model capable of accommodating the presence of these boundary values. Specifically,
a hurdle model is required to effectively capture the behavior of zeros and ones in
the data. Notably, in the literature, many continuous distributions are defined with
probability density functions (pdfs) that exclude the endpoints of their support (e.g.,
0 and 1), even though these distributions may theoretically assign non-zero densities
to these points. This exclusion can lead to limitations in modeling real-world data,
where zeros and ones are often observed. Therefore, developing or adapting models
that explicitly account for these boundary values is essential for accurate and realistic
data analysis.

A few examples include the following: the exponential distribution with pdf defined as
f(y) = Ae ™, y, A > 0 in both [125] and [126] omits 0 at the support of y even when
f(0) = \; the Marshall-Olkin generalized exponential distribution with pdf defined as
f(y) = phe=®[1—(1—p)e=?]P~L, y > 0and p € [0, 1] in [127] omits 0 at the support of y
even when f(0) = p#; the unit Lindley distribution with pdf defined as f(y) = 62/[1+
0](1—y)? exp(—0y/[1—y]), 0 > 0,y € (0,1] in [72] omits 0 at the support of y even when
it is clear that f(0) = 6?/(1+6); the unit-improved second-degree Lindley distribution
with pdf defined as f(y) = A23/(A\% + 2\ + 2)(1 + y/(1 — y))? exp(=Ay/(1 — y)),
A >0,y € (0,1] in [138] omits 0 at the support of y even when it is obvious that
f(0) = 23/(A? + 2\ + 2); and the unit-Gompertz distribution with pdf defined as
fy) = aBy’Lexp(—ay?), a, > 0, and y € (0,1] in [62] omits 1 at the support
of y even when f(1) # e*. The beta distribution, a widely used model for random
variables defined on the unit interval, has two main variants in terms of its support.

Some authors define the beta distribution with support on the closed interval (y €

222



0, 1]), explicitly including the endpoints, while others restrict the support to the open
interval (y € (0,1)), excluding the endpoints. This distinction is important because
it influences how the distribution is applied in practice, particularly when modeling
data that include values at the boundaries (i.e., 0 and 1). For example, as discussed
in https://www.sciencedirect.com/topics/mathematics/beta-distribution, the choice
of support can affect the interpretation and applicability of the beta distribution in
various contexts.

In cases where the data exhibit inflation at 0 and 1 (i.e., an excess of observations
at these points), the standard beta distribution with support on (y € [0,1]) may
not be sufficient. The inflated beta distribution was introduced by [110] to address
this limitation. This model extends the traditional beta distribution by incorporating
mechanisms to account for the inflated probabilities at 0 and 1, making it more suitable
for datasets with significant boundary values. By combining the continuous beta
distribution on (y € (0,1)) with discrete components at 0 and 1, the inflated beta
distribution provides a flexible framework for modeling data that spans the entire
closed interval (y € [0,1]). This approach highlights the importance of carefully
considering the support of a distribution and adapting models to better reflect real-
world data’s characteristics. Hence, the random variable Y could be said to follow the

unit inverse Gompertz distribution of the first transformation if its CDF is defined as:

Fr(y) =1—exp (% (1 — exp (lﬁ_—yy)» . ye(0,1), (4.51)
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And PDF is defined as

fr(y) = a _1y)2 exp (% (1 — exp (ﬂ» + ﬂ) , ye(0,1). (452

I—y

Fy(y) = exp <% (1 ~ exp <@))) C ye(0,1), (4.53)

fr(y) = %exp (% (1 — exp (6(1y—y)>) Il y)) . ye(0,1). (4.54)

From this point onward, Equations (4.51), (4.52), (4.53), and (4.54) will be referred
to as the cumulative distribution function (CDF) and probability density function
(PDF) of the unit inverse Gompertz distribution. However, when the random vari-
able Y generates a significant number of 0’s and 1’s in addition to values within the
interval (0, 1), the standard Unit Inverse Gompertz distribution is inadequate for mod-
eling such data. This is because the Unit Inverse Gompertz distribution, as defined
in Equations (4.52) and (4.54), does not account for the presence of boundary values
(0 and 1). To address this limitation, we propose an extension of the Unit Inverse
Gompertz distribution. This extended model incorporates mechanisms to handle the

inflation of Os and 1s, making it suitable for datasets that include a substantial propor-
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tion of these boundary values. By combining the continuous Unit Inverse Gompertz
distribution for values within (0, 1) with discrete components for 0 and 1, the extended
model provides a comprehensive framework for modeling data that spans the entire
closed interval [0, 1]. This adaptation ensures that the model can accurately capture
the behavior of datasets with an excess of Os and 1s, offering a more robust and flexible
approach for practical applications. The UIGHurdle distribution is a mixture model

whose cdf is defined by;

FUIGHurdle(y; qbawa 6) = ¢Ber(y7 @b) + (1 - ¢)F(y7 5)7

and PDF defined by

¢(1_¢)7 if y =0,
fuicmuae(y; 6,9, 0) = § (1 — ¢) f(y: B), ify € (0,1), (4.55)
oY, ify =1,

\

where (3 is as defined before, y € [0,1], ¢ € [0,1], ¢ € (0,1) is the proportion of
degenerate values that are equal to 0 or 1, ¢ is the mixing parameter (i.e., the pro-
portion of y that are either 0 or 1), Ber(y;1) denotes the cdf of a Bernoulli random
variable with a parameter ¢, F'(-) and f(-) denote the cdf and pdf of the unit inverse

gompertz distribution in Equation (4.51), (4.52), and Equation (4.53), (4.54) respec-
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tively. Figures 10 and 11 show the cdf and pdf plots of the UIGHurdle distribution

for different combinations of parameters.
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If Y follows the UlGhurdle distribution, its kth order ordinary moment is given by;

E(Y*) = ¢ + (1 - o),

where y;, is the kth ordinary moment of the unit inverse Gompertz distribution.
In particular, the probability density function (pdf) of the UIGHurdle distribution
in Equation (4.55) can be expressed in a more compact or interpretable form. This
alternative representation often provides deeper insights into the distribution structure

and its components, and can be described as

fuicudie(y; 6,0, 8) = [¢(1 — ) en®] x [(1— ) f(y; B)]' 0 W

— [plon®@ (1 — gy Ton®] x [¥(1 — )] IO sy g Ton® - (4.56)

Here, I(o1)(y) is an indicator function that takes the value of 1 if y € (0,1) and 0

otherwise.

4.3.11 Unit UTW Distribution

The unit upper truncated Weibull distribution was also incorporated into this re-

search to effectively capture the data’s characteristics. This distribution, known for
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its adaptability to model various risk rates, was particularly useful for analyzing data
sets where values are constrained within the interval [0, 1]. The CDF of the UUTW

distribution is defined by

_ l—exp (—)\yﬁ)
Fly) = 1 —exp(—2A)

With the corresponding PDF given by

AB

— p-1 —\/f
T exp ()Y exp(—Ay”)

f()

To refine the analytical framework, the unit upper truncated Weibull distribution was
transformed into a hurdle model, which is particularly effective in handling datasets
with an excess of zeros and ones. The UUTWHurdle distribution is a mixture model

whose cdf is defined by;

Fourwhurdie(; ¢, ¥, B, A) = ¢Ber(y; ¥) + (1 — @) F(y; A, B),

and PDF defined by

(

¢(1_¢)a 1fy:07
fovrwiuraie(y; 6,9, 6,2) = { (1 — ¢) f(y; A, B), if y € (0,1), (4.57)
¢77D7 if Yy = 1,

\
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4.3.12 The MLE for the UIGHurdle Distribution

Suppose we draw the random sample y = (y1, ya, -+ , y,) from the UlGhurdle distri-

bution, the likelihood function for ® = (v, ¢, §)’ is given by

= HfUIGHurdle(y§¢7¢75) = L1(dly) x La(¥ly) x Ls(Bly), (4.58)
i=1

where
¢|y H ¢I(o Wi (1 _ )1 Lo,1)(yi) ¢ZZ 110, 1)(%)(1 (b)n*Z?:l 1(0,1)(%)’
w|y Hwyz _ [(0 D ( ) ¢Z, 1¥ilo, 1)(%)(1 _ ¢)Z?:1(1—yi)1(o,1)(yi)’
and

Lia(Bly) = H (vi; B H 5 exp (% (1 — exp (15_‘%?;)) + 1ﬁ_yly)
=1 ? 7

=1

stw\y):g (2 8 H— ( (“exp <@>)+W)

The log-likelihood function can be expressed as the natural logarithm of Equation

(4.58) as in Equation (4.59):
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L(®[y) =] foremmae(y; 6, v, 8) = Li(¢ly) + La(¢ly) + La(Bly),
=1

where

i=1

L1(¢ly) = In() Z T (yi) +In(1 — ¢) [n - Z [(0,1)(yi)] )

n

Lo(¢ly) = In(v) Zyi[(0,1)<yi) +In(1 — ) Z(l —yi)l0,1)(¥i),

i=1 i=1

and

3

™|
VR
—
|
©)
]
go]
VR
—_
|Q
<
< |5
~
S~
—_
|Tb
IS
<
—_

1
tsa(Bly) = [ 21og(l — y:) + =

=1

\E

£30(Bly) =

=1

[—210g(yz-) + % (1 — exp (M» n M

(4.59)

We conclude this section by emphasizing that, with slight modifications to Equation

(4.56), the proposed model can be adapted to handle cases that involve only a zero

hurdle (that is, y € [0,1)) or only one hurdle (that is, y € (0, 1]). Specifically, by ad-

justing the probability mass assignments at the boundaries, the model can be tailored
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to address scenarios where inflation occurs exclusively at 0 or 1 while retaining its core
structure and flexibility. For example, in the case of only a 0-hurdle, the probability
mass at one can be set to zero, and the model can focus on capturing the excess of Os
while modeling the continuous distribution for values in (0, 1). Similarly, for only one
hurdle, the probability mass at zero can be set to zero, and the model can concentrate
on modeling the excess of 1’s alongside the continuous distribution for values in (0, 1).
The inferential treatments for these modified cases remain mainly analogous to those
discussed in this section. Estimated procedures, likelihood functions, and diagnostic
tools can be applied with minimal adjustments, ensuring consistency and robustness
in different scenarios. However, to maintain conciseness and avoid unnecessarily ex-
tending the work, we have chosen to omit the detailed development of these analogous
cases. This decision is guided by the understanding that the methodological frame-
work and insights provided here can be readily extended to handle these specialized

cases as needed.

4.4 Data Analysis

This section uses CD34 + data, which involves 239 patients at the Edmonton
Hematopoietic Stem Cell Lab at Cross Cancer Institute - Alberta Health Services
from 2003 to 2008. Data can be obtained from the R software package simpexreg
[128]. The data consists of five variables in columns. However, we only use the variable
in the fourth column that corresponds to the adjusted age “ageadj” of the patients

who underwent chemotherapy at the cancer institute. To obtain a set of data on [0, 1],
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we divided the adjusted age data by the maximum adjusted age value (i.e., 31), and
henceforth, we shall refer to these scaled data as “the age data of the 239 observations
in the age data; 48 of them are either 0 or 1. The frequencies of 0’s and 1’s in the
age data are 46 and 2, respectively. Therefore, the data are considered to be 0 and 1
inflated; hence, it can be suitably modeled by the UIGHurdle and UUTWHurdle mod-
els. Three distinct data sets were generated using an R package to represent varying
distributions of data types, specifically focusing on the proportion of zeros, ones, and
fractional values (i.e., values between zero and one). These data sets were designed to
evaluate the performance of the model under different data compositions. Dataset 1
was constructed with 50% zeros, 25% ones, and 25% fractional values. This configura-
tion represents a scenario dominated by zeros, with equal contributions from ones and
fractional parts. In contrast, Dataset 2 consisted of 25% zeros, 50% ones, and 25%
fractional values, reflecting a case where ones are the most prevalent. Finally, data
set 3 was generated with 25% zeros, 25% ones, and 50% fractional values, creating
a more continuous data set dominated by fractional values. These varying composi-
tions allow for comprehensive testing of model sensitivity to different data structures.
Figures 12 to 23 present the histograms and probability-probability (P—P) plots for
the three different models applied to the age data set, corresponding to Dataset 1,
Dataset 2, and Dataset 3, respectively. These visualizations provide insight into how
well each model captures the empirical distribution under varying proportions of zeros,
ones, and fractional values. We compare the three fitted distributions of UIGHurdlel,

UIGHurdle2, and UUTWHurdle distributions.
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Figure 4.5: Histogram with superimposed density curve and P—P plot of the
fitted UIG-Hurdle distribution for the first transformation of the age data.
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Figure 4.6: Histogram with superimposed density curve and P—P plot of the
fitted UIG-Hurdle distribution for the second transformation of the age
data.

233



Density

et THTLTH

0

00

025 0.50 075
Proportions

PPPlot ()

=}

= 7 . 0o

Pt
o -
ot
& 51 e
= [
=1 K
© .
g,
o o 7 e
3
5 e
- s
o S .
-°,.’"
“ ot
o .
T T T T
02 04 06 08 10

Theoretical Probabilities

Figure 4.7: Histogram with superimposed density curve and P—P plot of the
fitted UUTWHurdle distribution of the age data.

Density

e e e e O e e i e s
0.00 025 050 075 1.00
Proportions

PP-Plot (b)
S J
o
w ©
@
=
g 3
<)
2 s
3 o~ | L J
é S T -~
g © ,,/"”.”‘---M
s 7 ,—/’/TO/
g
P
o
9| e
T T T T T T
0.50 0.55 0.60 0.65 0.70 075

Theaoretical Probabilities

Figure 4.8: Histogram with superimposed density curve and P—P plot of the
fitted UIGHurdle distribution for the first transformation of data set one.
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Figure 4.9: Histogram with superimposed density curve and P—P plot of the
fitted UIGHurdle distribution for the second transformation of data set

one.
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Figure 4.10: Histogram with superimposed density curve and P—P plot of
the fitted UUTWHurdle distribution of dataset one.
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Figure 4.11: Histogram with superimposed density curve and P—P plot of
the fitted UIGHurdle distribution for the first transformation of data set

two.
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Figure 4.12: Histogram with superimposed density curve and P—P plot of
the fitted UIGHurdle distribution for the second transformation of data

set two.
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Figure 4.13: Histogram with superimposed density curve and P—P plot of
the fitted UUTWHurdle distribution of dataset two.
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Figure 4.14: Histogram with superimposed density curve and P—P plot of
the fitted UIGHurdle distribution for the first transformation of dataset
three.
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Figure 4.15: Histogram with superimposed density curve and P—P plot of
the fitted UIGHurdle distribution for the second transformation of dataset

three.
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Figure 4.16: Histogram with superimposed density curve and P—P plot of
the fitted UUTWHurdle distribution for the first transformation of data

set three.
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4.5 Estimated Result and Discussion

Table 4.1: Fitted Results for Different 0 & 1 Hurdle Models for the Dataset

1
Parameter Estimate Log-likelihood & Information Criteria
[SE]

Distribution(s) b 0 & A L AIC BIC AlCc

UIGHurdlel 0.7583409 0.3333337 0.0100000 - -1377.393 2760.786 2775.509 2760.810
[1.35x107%]  [1.72x107?] 3

UIGHurdle2 0.7530112 0.3333338 0.0100000 - -1235.218 2476.435 2491.159  2479.46
[1.36x1072] [1.72x1072] [

UUTWHurdle 0.7499995 0.3333316 1.3149713 0.7756274 | -1037.002 2082.004 2101.635 2082.044
[1.37x1072]  [1.72x1072] [0.13185] [0.39052]

Table 4.2: Fitted Results for Different 0 & 1 Hurdle Models for Dataset 2

Parameter Estimate Log-likelihood & Information Criteria
[SE]
Distribution(s) ) " B A —L AIC BIC AICc
UIGHurdlel 0.7583398 0.6666663 0.0100000 - -1377.394 2760.788 2775.511  2760.812
[1.36x1072] [1.72x1072] [
UIGHurdle2 0.7530109 0.6666657 0.0100000 - -1235.005 2476.437 2491.161 2476.462

[1.36x1072]  [1.72x1072] [

UUTWHurdle 0.7499993 0.6666680 1.3149255 0.7755160 | -1037.005 2082.01 2101.641 2082.050

[1.37x1072] [1.72x1072] [0.13185] [0.39053]
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Table 4.3: Fitted Results for Different 0 & 1 Hurdle Models for Dataset 3

Parameter Estimate Log-likelihood & Information Criteria
[SE]
Distribution(s) é 0 8 A —L AIC BIC AlCe
UIGHurdlel 0.5138746  0.500000  0.0100000 - -1765.394 3536.787 3551.511  3536.812
[1.62x1072] [2.24x1072] [5.27x107?]
UIGHurdle2 0.7530109  0.500002  0.0100000 - -1580.636 3167.272 3181.995 3167.296
[1.59x1072]  [2.23x1072]  [5.06x1073]
UUTWHurdle 0.5000000 0.5000000 1.1291979 0.4308606 | -1038.607 2085.214 2104.846 2085.255
[1.58x107%]  [2.24x107%]  [8.76x1077] [0.28568]

Table 4.4: Fitted Results Hurdle Models for the 0 and 1 Inflated Age Data.

Parameter Estimate Log-likelihood & Information Criteria
[SE]
Distribution(s) ¢ b & A L AIC BIC AlCc
UIGHurdlel 0.20382341 0.06250449  0.0100000 - -145.3549  296.7097 305.8975 296.8656
3.21x1072) [4.28x1072] [1.41x10-2)
UIGHurdle2 0.20253285 0.06250517  0.0100000 - -134.223 274446  283.6338 274.6018
[3.20x1072] [4.28x1072] [1.32x1072]
UUTWHurdle 0.20253270 0.06249981 1.92061686 1.82659177 | -79.21484 166.4297 178.6801  166.6911
3.20x10-2) [4.28x1072] 0.2343] [0.5757)

The tables present the parameter estimates and model fit statistics for different 0
and 1 hurdle distributions applied to four datasets: three synthetic datasets (Tables
25-27) and one real-world age dataset (Table 28). The models evaluated include
UIGHurdlel, UIGHurdle2, and UUTWHurdle. In all datasets, the UUTWHurdle
model consistently demonstrates a better fit, as indicated by lower log-likelihood —L,

AIC, BIC, and AICc values. For example, in Dataset 1 (Table 25), UUTWHurdle
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yields the lowest AIC (2082.004) compared to UIGHurdlel (2760.587) and UIGHur-
dle2 (2476.435). Similar trends are observed in datasets 2 and 3 (Tables 26 and 27),
where the UUTWHurdle model outperforms its counterparts in terms of model fit
criteria, indicating its robustness in handling varying proportions of zeros, ones, and
fractional values.

The performance of the models is further validated using the real-world age dataset
(Table 28), where the UUTWHurdle model again exhibits the most favorable fit with a
significantly lower AIC (166.4297), BIC (178.6801), and AICc (166.6911), as well as the
least negative log-likelihood (~79.2148). In contrast, the UIGHurdlel and UIGHurdle2
models produce notably higher AIC and BIC values, suggesting a poorer fit to the
empirical data. These findings underscore the superior flexibility and accuracy of the
UUTWHurdle model in capturing the data structure, particularly in the presence of
both zero and one inflation. This makes it a more suitable candidate for modeling

datasets characterized by boundary inflation and complex underlying distributions.
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CHAPTER 5

CONCLUSION AND FUTURE

WORK

5.1 Conclusion

Chapter 2 provides a comprehensive overview of Generalized Linear Models (GLMs),
detailing their components, including the random component, systematic component,
and link function. It explains how GLMs extend traditional linear models to ac-
commodate various response variables, such as counts, binary outcomes, and propor-
tions. The chapter also discusses parameter estimation techniques, such as Iteratively
Reweighted Least Squares (IRLS), and hypothesis testing methods like the analysis
of deviance. The Poisson regression model is highlighted as a key tool for modeling
count data, with an illustrative example demonstrating its application.

Chapter 3 provides a comprehensive analysis of smoking prevalence among the en-
tire population across different locations and regions, highlighting the variations in

smoking likelihood among various environments. The findings indicate that smok-
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ing behavior is significantly influenced by contextual and geographical factors, with
coffee shops and public places emerging as the most prominent locations for smok-
ing. Notably, smoking in coffee shops is more likely compared to smoking in cars,
while public places exhibit a higher smoking prevalence than in cars. The absence of
significant differences between smoking at home and in cars suggests that domestic
environments may not play a central role in determining smoking behaviors. SHIS
2014 [1] survey reported that 17.2 % of Saudis were exposed to smoking at home,
while 14.1% were exposed in the workplace. A detailed analysis of smoking preva-
lence among the male population across different locations and regions offers insights
into variations in smoking likelihood in specific environments.

The findings indicate that smoking behaviors differ significantly based on the place
of exposure, with coffee shops and public places emerging as the most prominent
locations for smoking. Specifically, smoking in coffee shops is more likely than in cars,
while public places exhibit the highest smoking prevalence, being more likely than in
cars. Conversely, smoking at home is less prevalent than in cars, indicating a relatively
reduced likelihood of smoking in domestic environments. A comprehensive analysis of
smoking prevalence among the female population across different regions and locations
highlights significant disparities in smoking behaviors. The findings indicate that
public places and coffee shops are the most common locations for smoking among
women, with public places showing a higher likelihood of smoking than cars.
Similarly, coffee shops exhibit a significantly higher smoking prevalence, being more
likely than cars. In contrast, smoking at home is slightly less prevalent, with odds 1.13

times lower than in cars, suggesting that indoor smoking may be somewhat restricted
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among females. The likelihood of smoking in workplaces is relatively moderate, higher
than in cars, indicating that occupational environments play a role in shaping smok-
ing behaviors. [6] reported that males smoke more than females, indicating a higher
prevalence of smoking among men. Furthermore, Madinah is less likely to have smok-
ing occurrences. Other regions, including Al-Baha, Al-Jouf, the Eastern Region, Hail,
Jazan, Najran, the Northern Borders, Qaseem, Tabouk, and the Western Region, also
show lower smoking prevalence. However, our results are partially consistent with [6]
as Makkah, Riyadh, and Hail exhibit higher smoking rates.

These findings suggest that regional socio-cultural norms and regulatory frameworks
may contribute to variations in smoking behaviors. Furthermore, location-based anal-
ysis within regions reveals distinct patterns. For instance, in Al-Baha, smoking in
coffee shops is considerably less likely than smoking in a car, whereas smoking at
home is notably more prevalent. A similar trend is observed in the Eastern region,
where tobacco at home, in public places, and in workplaces is significantly higher
compared to smoking in cars. This pattern is evident in several other areas, including
Hail, Jazan, and Al-Jouf, demonstrating the context-dependent nature of smoking
behaviors.

In the male population, smoking in Al-Baha, the Eastern Region, Hail, Al-Jouf, Al-
Madinah, Najran, the Northern Borders, and Al-Qassim is significantly less likely
compared to Aseer, whereas Makkah, Riyadh, and Tabouk exhibit higher smoking
prevalence, with Makkah showing the highest likelihood, more than in Aseer. The lack
of significant differences in Jazan suggests that smoking patterns in that region may be

more evenly distributed across various locations. These results underscore the socio-
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cultural and regulatory differences across regions, which may impact smoking behavior
and exposure patterns. A deeper location-based analysis within regions reveals notable
variations. For instance, in Al-Baha, smoking in coffee shops is significantly less likely
than in cars, while smoking at home is notably more prevalent. A similar trend is
observed in the Eastern Region, where tobacco consumption at home, in public places,
and in workplaces is considerably higher than that of cars. These patterns suggest
that the availability of designated smoking areas, regulatory enforcement, and cultural
norms contribute to regional differences in smoking behavior.

The findings highlight substantial regional disparities in smoking prevalence among
the female population, with some areas exhibiting a higher likelihood of smoking. In
contrast, others show a significant decline compared to Aseer. Smoking prevalence is
significantly lower in Al-Baha, the Eastern Region, Hail, Jazan, Al-Jouf, Al-Madinah,
Najran, the Northern Borders, and Al-Qassim than in Aseer. However, Makkah,
Riyadh, and Tabouk exhibit a notably higher smoking prevalence. Makkah shows the
highest odds at 3.32 times more than Aseer, followed by Riyadh at 2.59 times and
Tabouk at 2.29 times. These variations suggest that socio-cultural norms, economic
activity, urbanization, and regulatory policies play a critical role in influencing smoking
habits among females. Further location-based analysis within regions reveals unique
smoking behaviors among women in different geographical areas.

For example, in Al-Baha, smoking in coffee shops and public places is significantly
less likely than in cars, whereas smoking at home is notably more prevalent. A similar
pattern is observed in the Eastern Region, where home smoking is substantially higher

than in cars, while public and workplace smoking remains significantly elevated. The
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urban-rural divide is evident in these findings, with urbanized regions such as Makkah
and Riyadh exhibiting higher public smoking prevalence. In contrast, rural areas
experience higher smoking rates in domestic settings.

Comparison of males and females: This study provides a comprehensive comparative
analysis of smoking likelihood among males and females across different regions and
smoking locations, offering critical insights into gender-specific smoking behaviors.
The findings highlight that public places and coffee shops remain the most prevalent
smoking locations for both genders, although subtle gender-based variations exist
in regional smoking patterns. Public places exhibit the highest smoking prevalence
among both males and females, compared to smoking in cars. Coffee shops remain a
common smoking location, with both males and females having nearly identical odds
of smoking in these settings. Smoking at home presents notable gender differences,
with females showing a slightly higher likelihood compared to males showing less
likelihood.

Workplaces demonstrate a higher smoking likelihood for males than females, indicating
that occupational environments play a more significant role in male smoking behavior.
Regions with lower smoking prevalence compared to Aseer are Al-Baha, the Eastern
Region, Hail, Jazan, Al-Jouf, Al-Madinah, Najran, the Northern Borders, and Al-
Qassim, which show reduced smoking likelihoods for both genders. Regions with
higher smoking prevalence compared to Aseer are Makkah, Riyadh, and Tabouk,
which exhibit greater smoking prevalence for both genders. Males exhibit higher odds
of smoking in Riyadh and Makkah compared to Aseer, whereas females show slightly

lower but still elevated odds in Riyadh and Makkah. Tabouk exhibits a unique pattern
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where females are more likely to smoke than males.

In Al-Baha, smoking at home is more prevalent for both genders, with females slightly
more likely than males. Conversely, smoking in public places is significantly less likely
for both genders, but females exhibit a more substantial reduction than males. In the
Eastern Region, smoking at home is substantially more likely for both genders, with
females significantly outpacing males. However, smoking in coffee shops is more likely
for males but less likely for females. Hail gender differences are pronounced: males
are less likely to smoke in coffee shops, while females are significantly more likely.
At home, females are more likely to smoke than males. In Jazan, smoking at home
is more likely for both genders, but females exhibit much stronger odds compared
to males. Smoking in workplaces is significantly less likely for females compared to
males.

In Al-Jouf, smoking in coffee shops is less likely for both genders, with females showing
a more significant reduction compared to males. However, smoking at home is more
likely for both genders, with females showing higher odds than males. In Makkah,
smoking at home is more likely for both genders, with females showing higher odds
than males. However, smoking in public places is more likely for males but less likely
for females.

In Najran, males are more likely to smoke in coffee shops, while females are less likely.
Smoking at home is more likely for both genders, with females slightly exceeding
males. In Northern Borders, smoking is less likely in coffee shops for both genders,
but females exhibit a much more substantial reduction than males. Smoking in public

places follows a similar pattern, where males are more likely to smoke while females
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are less likely. In Al-Qassem, smoking in coffee shops is less likely for both genders,
with females showing a more significant reduction than males. However, smoking at
home is more likely for both genders, with females exhibiting more substantial odds
compared to males.

In Riyadh, smoking is less likely in coffee shops for both genders, but females show
a more significant reduction compared to males. Smoking at home is more likely for
both genders, with females exhibiting slightly stronger odds than males. In Tabouk,
smoking in coffee shops is much less likely for both genders, with females exhibiting
a much more substantial reduction than males. However, smoking at home is more
likely for both genders, with females surpassing males.

Comparison of males and the entire population: This study provides a comparative
analysis of smoking likelihood between males and the entire population across various
regions and smoking environments. Public places and coffee shops remain the most
frequent smoking locations for both males and the whole population. The likelihood
of smoking in public places is nearly identical for males and the entire population
compared to smoking in cars. Similarly, smoking in coffee shops is more likely for
males and the whole population, indicating a consistent trend across both groups.
Workplaces show a higher smoking likelihood for males than for the entire population,
suggesting that occupational environments play a more significant role in male smoking
behavior.

Smoking at home presents notable differences, and the whole population shows no
significant difference between smoking at home and in a car. However, males are less

likely to smoke at home than in a car, suggesting gender-specific behavioral distinctions
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in home smoking habits.

Regions where smoking is less likely compared to Aseer are Al-Baha, the Eastern
Region, Hail, Jazan, Al-Jouf, Al-Madinah, Najran, the Northern Borders, and Al-
Qassem, which show a lower likelihood of smoking for both males and the entire
population. For instance, in Al-Baha, smoking is less likely for the whole of the
population and less likely for males compared to Aseer. Regions where smoking is more
likely compared to Aseer are Makkah, Riyadh, and Tabouk, which exhibit a higher
smoking prevalence, with males having slightly higher odds than the entire population
in Riyadh and Makkah. In Makkah, smoking is more likely to be done by males and
more likely for the whole of the population, highlighting a strong regional effect.
Males show no significant difference in smoking prevalence between Jazan and Aseer,
whereas the entire population is less likely to smoke in Jazan compared to Aseer. In
Al-Jouf, males exhibit a lower smoking likelihood compared to the entire population,
suggesting a more pronounced reduction for males. In Al-Baha, smoking in coffee
shops is less likely for both males and the entire population. Smoking at home is more
likely for both males and the entire population. In the Eastern Region, males are more
likely to smoke in coffee shops, while the entire population is less likely. Smoking at
home is significantly higher for both males and the entire population. In Hail, smoking
in coffee shops is less likely for males and the entire population. Smoking at home
is significantly more likely for both males and the entire population. In Makkah,
smoking in coffee shops is less likely for males and the entire population. Smoking
in public places is more likely for males but less likely for the entire population. In

Najran, males are more likely to smoke in coffee shops, while the entire population
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shows a slightly lower likelihood. Smoking at home is more likely for both males and
the entire population.

Comparison of females and the entire population: This study provides a compar-
ative analysis of smoking likelihood between females and the entire population across
various regions and smoking environments. Public places and coffee shops remain
the most frequent smoking locations for both females and the whole population. The
likelihood of smoking is more likely in public places, and it’s nearly identical for both
females and the entire population compared to smoking in cars. Similarly, smoking
in coffee shops is more likely for both females and the whole population, indicating a
consistent trend. Workplaces show a higher smoking likelihood for females than for
the entire population, suggesting that workplace smoking is a more significant con-
cern for females relative to the overall population. Smoking at home presents notable
gender differences. The whole population shows no difference between smoking at
home and in a car. However, females are more likely to smoke at home than in a car,
suggesting a higher prevalence of indoor smoking among women.

Regions where smoking is less likely compared to Aseer are Al-Baha, the East-
ern Region, Hail, Jazan, Al-Jouf, Al-Madinah, Najran, the Northern Borders, and
Al-Qassem, which show a lower likelihood of smoking for both females and the en-
tire population. For instance, in Al-Baha, smoking is less likely for both the entire
population and females compared to Aseer. Regions where smoking is more likely
compared to Aseer are Makkah, Riyadh, and Tabouk, which exhibit a higher smoking
prevalence, with the entire population having slightly higher odds than females in

Riyadh and Makkah. In Makkah, smoking is more likely to be found among females
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and the entire population, indicating a strong regional effect. Both females and the
entire population are less likely to smoke in Jazan than in Aseer. In Al-Jouf, females
exhibit a lower smoking likelihood compared to the entire population, suggesting a
more pronounced reduction for females. In Al-Baha, smoking in coffee shops is less
likely for females and the entire population. Smoking at home is more likely for both
females and the entire population. In the Eastern Region, females are less likely to
smoke in coffee shops, whereas the entire population shows a slightly higher likelihood.
Smoking at home is significantly higher for both females and the entire population.
In Hail, females are more likely to smoke in coffee shops, while the entire population
is less likely. Smoking at home is significantly more likely for both females and the
entire population. In Makkah, smoking in coffee shops is less likely for females and
the entire population. Smoking in public places is less likely for females but more
likely for the entire population. In Najran, females are less likely to smoke in coffee
shops, while the entire population is more likely. Smoking at home is more likely for
both females and the entire population.

This study provides an in-depth analysis of smoking likelihood across different age
groups, highlighting significant variations in smoking behavior and location prefer-
ences within the entire population. The possibility of smoking decreases progressively
with age, with individuals aged 65+ being less likely to smoke compared to the 10-14
age group. Similarly, individuals aged 60-64, 55-59, and 50-54 also show a decline
in smoking prevalence compared to the youngest age group. Individuals aged 20-24
exhibit the highest smoking likelihood compared to 10-14-year-olds, followed closely

by the 15-19 and 25-29 age groups. These results suggest that early adulthood is a
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critical period for tobacco initiation and sustained smoking behaviors, necessitating
stronger prevention measures targeting youth and young adults. Smoking in public
places is significantly more prevalent. The likelihood of smoking in public places and
at home is higher compared to smoking in a car, making it the most common smoking
environment. In coffee shops, smoking is less likely compared to smoking in a car.
Workplace smoking is comparatively less likely than in cars, possibly due to work-
place smoking restrictions and policies. The odds of smoking in coffee shops among
individuals aged 20-24 are higher than in cars, highlighting a strong preference for
social smoking environments. For individuals aged 25-29, the likelihood remains high
compared to cars, reinforcing the role of coffee shops as a familiar smoking venue for
young adults. Middle-aged and older individuals (40+) exhibit a declining preference
for coffee shops. Individuals aged 40-44 are more likely to smoke in coffee shops than
in cars, but this likelihood declines. For individuals aged 50-54, the possibility of
smoking in coffee shops is higher, which further reduces to 1.77 times for individu-
als aged 65+. Public places remain the most common smoking locations for all age
groups. Both Individuals aged 45-49 and 50-54 are more likely to smoke in public
places. The likelihood remains consistently high across age groups, reinforcing the
need for more vigorous enforcement of public smoking bans and designated smoking
zones. Older individuals (60+) show a reduced likelihood of smoking across all loca-
tions. Individuals aged 60-64 are more likely to smoke in coffee shops compared to
younger groups with higher smoking rates. The odds of smoking in coffee shops for
individuals aged 65+ are significantly lower than those of middle-aged individuals,

suggesting a gradual decline in social smoking with age.
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This study provides an in-depth analysis of smoking prevalence among males across
various age groups, examining age-specific variations in smoking behavior and pre-
ferred locations. Smoking prevalence declines significantly with increasing age. Older
males (65+) are less likely to smoke than those in the 10-14 age group, demonstrating
a substantial decline in smoking prevalence with age. Similarly, males aged 60-64,
55-59, and 50-54 show a progressive reduction in smoking likelihood, suggesting that
smoking cessation efforts are more effective among older populations. Peak smoking
prevalence is observed among young adults (15-24 years old). Males aged 20-24 are
more likely to smoke, followed by 15-19-year-olds and 25-29-year-olds, compared to
the 10-14 age group. These findings underscore the need for stronger tobacco control
measures aimed at adolescents and young adults, including school-based prevention
programs and media campaigns targeting early smoking initiation. Public places have
emerged as the most prevalent smoking locations. Smoking in public places is more
likely compared to smoking in cars, making it the most common location for male
smokers. Home smoking prevalence is also high, highlighting the risk of secondhand
smoke exposure for family members. Coffee shops remain a popular smoking venue,
particularly for young and middle-aged adults. Workplace smoking is relatively lower,
possibly due to strict workplace regulations and smoking bans.

The likelihood of smoking in coffee shops is highest among males aged 20-24 com-
pared to cars, reinforcing the role of social interactions in smoking habits. Similarly,
public places are preferred locations for young smokers, with males aged 20-24 ex-
hibiting a higher likelihood of smoking in public spaces than in cars. Middle-aged and

older males (40+4) show a declining probability of smoking in coffee shops. Males aged
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40-44 are more likely to smoke in coffee shops, but this preference declines for older
age groups. By contrast, males aged 60-64 are more likely to smoke in coffee shops,
indicating a shift away from social smoking environments as age increases. Workplace
Smoking Increases with Age, Reaching Its Peak at 40-54 Years Old. The likelihood of
workplace smoking is significantly higher among middle-aged males. Both Males aged
35-39 and 40-44 are more likely to smoke in the workplace. This trend suggests that
workplace smoking remains a concern for middle-aged working men, emphasizing the
need for stronger workplace smoking policies and designated smoking zones. Smoking
likelihood in the workplace declines after age 55. For males aged 55-59, the likelihood
of smoking in the workplace is higher and further decreases for males aged 60-64.
This indicates that smoking cessation efforts may be more effective in older working
populations, possibly due to health concerns and medical interventions.

This study presents an in-depth examination of smoking prevalence among females
across different age groups, providing insights into age-related smoking behaviors and
preferences for smoking locations. Females aged 65+ are less likely to smoke compared
to those in the 10-14 age group, highlighting a significant decline in smoking likeli-
hood with age. A similar downward trend is observed among the 60-64, 55-59, and
50-54 age groups, reinforcing the pattern of reduced smoking behavior among older
populations. Smoking prevalence is highest among middle-aged females (25-39 years
old). The highest smoking likelihood is observed in the 25-29 age group compared to
the 10-14 age group, indicating that smoking is more prevalent among younger and
middle-aged women. Females aged 35-39 and 30-34 show higher smoking prevalence,

suggesting that smoking behaviors peak in early adulthood. This trend underscores
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the importance of targeted smoking prevention programs for young and middle-aged
females. Smoking in public places is more likely than smoking in a car, making it the
most frequent location for female smokers. Home smoking is also prevalent, indicat-
ing a higher risk of secondhand smoke exposure for family members. Coffee shops are
more likely to serve as a key social smoking environment, particularly among younger
women. Workplace smoking is the least common, potentially due to more stringent
workplace smoking policies and cultural norms. Coffee shop smoking, home smoking,
public place smoking, and workplace smoking all exhibit slight increases for females
aged 15-19 compared to 10-14-year-olds.

These findings suggest that smoking initiation occurs during adolescence, rein-
forcing the need for school-based smoking prevention programs. Smoking likelihood
in all locations is nearly unchanged, with coffee shop smoking, home smoking, and
public place smoking showing only slight increases compared to 10-14-year-olds. This
suggests that smoking rates stabilize among young adult women, potentially due to
social and environmental factors. Smoking in coffee shops declines significantly for the
25-29 age group, suggesting that social smoking declines with age. Conversely, home
smoking prevalence remains high, with 25-29-year-olds, 30-34-year-olds, and 35-39-
year-olds showing continued home smoking tendencies. Workplace smoking remains
relatively low among this demographic, emphasizing the role of workplace smoking
restrictions. Females aged 40-44 show an increase in coffee shop smoking and public
place smoking, suggesting a resurgence in social smoking behaviors. However, home
and workplace smoking prevalence remains stable, indicating that smoking cessation

efforts may be more effective among older females. Workplace smoking is highest
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among females aged 50-54; females aged 50-54 are more likely to smoke in the work-
place, making this the peak smoking age for working women. This highlights the need
for stronger workplace smoking cessation programs and designated smoking areas.
Workplace smoking remains relatively low for younger females. Among females aged
15-24, workplace smoking likelihood is only slightly higher, possibly due to workplace
smoking bans and social restrictions. Smoking prevalence in the workplace declines
after age 55. Both females aged 55-59 and 60-64 are more likely to smoke in the
workplace. By age 65+, workplace smoking prevalence is higher, indicating a natural
decline in smoking among older working women.

Comparison of age males and females, this study provides a comprehensive anal-
ysis of smoking prevalence among males and females across different age groups, em-
phasizing gender disparities in smoking behaviors and location preferences. Smoking
likelihood declines significantly in older age groups for both genders. Both males and
females aged 65+ are considerably less likely to smoke compared to the 10-14 age
group, confirming a general decline in smoking prevalence with age. A similar de-
crease is observed in the 60-64, 55-59, and 50-54 age groups, reinforcing the trend of
reduced smoking among older individuals. Smoking is most prevalent among young
and middle-aged males. Males in the 20-24 age group exhibit the highest smoking
likelihood compared to the 10-14 age group, whereas females in the same age group
are less likely to smoke. Similarly, males aged 15-19 are more likely to smoke, while
females in the same age group are less likely to smoke. This indicates that smoking
initiation occurs earlier among males, while females show a delayed or reduced uptake

of smoking behavior. Smoking prevalence remains higher among middle-aged males
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compared to females. Males aged 35-39 and 30-34 show higher smoking prevalence
compared to the 10-14 age group.

In contrast, females aged 35-39 and 30-34 show lower smoking prevalence in com-
parison. This suggests that middle-aged males are more likely to sustain smoking
habits, whereas females may exhibit more smoking cessation behaviors or social lim-
itations influencing their smoking habits. Public places remain the most common
smoking location for both genders. Males and females predominantly smoke in pub-
lic places, confirming public smoking as a key area for smoking interventions. Home
smoking is more prevalent for both genders. Males and females are significantly more
likely to smoke at home compared to in a car, indicating higher secondhand smoke
exposure risks within households. Coffee shop smoking prevalence is similar across
genders. Both males and females show a slightly lower likelihood of smoking in coffee
shops compared to cars, suggesting moderate social smoking behaviors. Workplace
smoking is more common among males. Males are less likely to smoke in the workplace
compared to cars, while females exhibit an even lower workplace smoking prevalence.
This indicates that males have higher workplace smoking rates than females, possibly
due to occupational environments that accommodate smoking behaviors. Teenage
males (15-19) are likelier to smoke in coffee shops, while females prefer public places.
Both males and females aged 15-19 are more likely to smoke in coffee shops. However,
public place smoking is lower for males but higher for females, suggesting that females
are more likely to smoke in open social environments.

Males in this age group (15-19) are significantly more likely to smoke in coffee shops

compared to females. Workplace smoking is also considerably higher among males
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than females, reflecting gendered differences in occupational settings and smoking
habits. Males aged 35-39 are more likely to smoke in workplaces, whereas females
in the same age group are less likely to do so. Similarly, males aged 30-34 are more
likely to smoke in workplaces, while females in this age group are less likely to do so.
These findings suggest that workplace smoking interventions should prioritize male
populations, particularly those in middle-aged groups. For the 50-54 age group, both
males and females are more likely to smoke in workplaces. Similarly, both males and
females in the 55-59 age group are more likely to smoke in workplaces. These patterns
indicate that older males continue to smoke in professional settings, whereas females
are more likely to reduce their smoking habits with age.

Comparison of age males and the entire population This analysis presents a de-
tailed comparison of smoking prevalence among males versus the entire population
(males and females combined) across different age groups and smoking locations.
Smoking decreases with age in both groups, but males have consistently higher smok-
ing rates. For ages 65+, 60-64, 55-59, and 50-54, the odds of smoking are lower for
both males and the entire population compared to the 10-14 age group. For ages,
the odds are 0.31 times lower for males and 0.26 times for the whole population.
The entire population exhibits slightly higher odds of smoking in older age groups
than males alone, indicating that females in these age brackets contribute to the over-
all smoking rate despite being a smaller proportion of smokers. Smoking prevalence
peaks in young adults (20-24) for both groups but is significantly higher among males.
Both males and the entire population are more likely to smoke in the 20-24 age group

relative to the 10-14 age group. For the 15-19 age group, both males and the en-
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tire population are more likely to smoke, indicating a greater likelihood of smoking
initiation among young males. Middle-aged adults (30-39) show sustained smoking
behavior, with males leading. Both males and the entire population are more likely in
the 30-34 and 35-39 age groups to show sustained smoking prevalence. This suggests
that while both groups sustain smoking in middle age, males have a slightly stronger
tendency to continue smoking over time.

Public places are the most common smoking location for both groups. Males and
the entire population are more likely to smoke in public places compared to smoking
in a car. Home smoking is similarly prevalent in both groups. Both males and the
entire population are more likely to smoke at home than in a car. Males and the entire
population show a slightly lower likelihood of smoking in coffee shops than in cars.
Similarly, males and the entire population are less likely to smoke in workplaces than
in cars. Both males and the entire population are significantly more likely to smoke
in coffee shops in the 15-19, 20-24, 30-39, and 35-39 age groups. Both males and the
entire population are significantly less likely to smoke at home in the 15-19, 20-24,
30-39, and 35-39 age groups. Smoking in public places is nearly the same for both
groups, with a slightly lower prevalence in males and the entire population in the 15-
19 and 20-24 age groups. Public place smoking remains prevalent and higher in both
males and the entire population in the 30-34 and 35-39 age groups. The likelihood of
smoking in workplaces for both males and the entire population is less likely in the
15-19 age group. Workplace smoking is significantly more likely for both males and
the entire population in the 20-24, 35-34, 50-54, 55-59, 60-64, and 65+ age groups.

Comparison of age females and the entire population, this analysis explores smok-
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ing prevalence among females compared to the entire population (males and females
combined) across various age groups and smoking locations. For ages 65+,60-64, 55-
59, and 50-54, the odds of smoking are lower for females and the entire population
compared to the 10-14 age group. For ages 20-24 and 15-19, females are less likely
to smoke, whereas the entire population is more likely to smoke than the 10-14 age
group. This suggests that smoking initiation is more common among young males,
which increases overall smoking rates in the entire population. For the 35-39, 30-34,
and 25-29 age groups, both females and the entire population are more likely to smoke.
These results suggest that while female smoking rates are rising in middle age, they
remain slightly lower than those of the entire population, likely due to the higher
prevalence of male smokers in these age groups. Public places are the most common
smoking location for both groups, but slightly more so in the entire population. Both
females and the entire population are more likely to smoke in public places and at
home compared to smoking in a car. Both females and the entire population show a
slightly lower likelihood of smoking in coffee shops and workplaces compared to cars.
Both females and the entire population are significantly more likely to smoke in coffee
shops in the 15-19 and 20-24 age groups. Females show lower coffee shop smoking
rates, whereas the entire population is more likely to smoke in the 30-34 and 35-39
age groups.

The likelihood of smoking at home for females is higher and lower for the entire
population in the 15-19, 20-24, and 30-34 age groups. For the age of 35-39, the
likelihood of smoking at home for both females and the entire population is less likely.

The likelihood of smoking in public places for females is higher and lower for the entire
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population in the 15-19, 20-24, and 30-34 age groups. For the age of 35-39, females
are less likely to smoke in public places, whereas the entire population is more likely
to smoke in public places. The likelihood of smoking in the workplace for females is
higher and lower for the entire population in the 15-19 and 30-34 age groups. The
likelihood of smoking in the workplace for both females and the entire population is
more likely in the 20-24, 50-54, 55-59, 60-64, and 65+ age groups. For the age of
35-39, females are less likely to smoke in public places, whereas the entire population
is more likely to smoke in public places.

In this study, the likelihood of smoking varies across the 13 administrative regions
of Saudi Arabia and is consistent with the findings from a recent survey [14]. Com-
pared to Makkah, Riyadh and Tabouk are more likely to smoke. At the same time,
those in regions like Al-Baha, Hail, the Eastern region, Jazan, Al-Jouf, Najran, the
Northern region, Madinah, and Qaseem are less likely to smoke. These differences
may also reflect differences in the socioeconomic and demographic characteristics of
the regions. The findings of this study provide valuable insights into smoking behav-
iors across different demographics and regions. However, several recommendations
can enhance public health interventions, while certain limitations should be acknowl-
edged for future research improvements. One of the most crucial recommendations is
the implementation of targeted public health campaigns that address both male and
female smokers, particularly among younger age groups (15-24 years), where smoking
prevalence is higher. Region-specific awareness programs should also be developed,
considering the differences in smoking habits across various regions. Digital platforms,

social media, and school-based educational initiatives should be utilized to dissemi-
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nate anti-smoking messages effectively. Moreover, stricter legislation and regulatory
measures are necessary to curb smoking rates, including higher taxation on tobacco
products, more stringent enforcement of smoking bans in public places, and closer
monitoring of underage smoking.

Gender-specific interventions should be developed to recognize the distinct smoking
patterns between males and females. Smoking cessation support programs tailored
for women should be introduced, given the social and cultural stigmas that may
prevent them from seeking help. Workplace environments also require urgent at-
tention, as smoking in these spaces remains prevalent. Employers should enforce
no-smoking policies, provide cessation support for employees, and promote a smoke-
free culture. Educational institutions should integrate anti-smoking education into
curricula, targeting students before smoking habits are established. Further research
is recommended to investigate the socio-economic determinants of smoking behaviors
and assess the impact of alternative nicotine products such as e-cigarettes and vaping.
Conducting longitudinal studies would allow researchers to track changes in smoking
habits over time and evaluate the effectiveness of anti-smoking policies.
Furthermore, studies should explore the psychological factors influencing smoking ini-
tiation and cessation, such as stress, mental health conditions, and peer influence.
Despite its valuable contributions, this study has several limitations that should be
acknowledged. A significant constraint is the reliance on self-reported data, which
may introduce response bias. This is particularly relevant in conservative regions
where smoking is stigmatized, leading to underreporting among specific groups, such

as women. Furthermore, the study provides a cross-sectional analysis, capturing a
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snapshot of smoking prevalence but lacking insights into long-term trends. Future re-
search should adopt a longitudinal approach to better understand smoking initiation,
cessation, and relapse rates.

The study also primarily focuses on traditional cigarette smoking, potentially over-
looking the growing popularity of alternative nicotine consumption methods, such
as shisha (hookah) and vaping. Considering the increasing use of these products,
future research should incorporate a broader range of smoking behaviors. Another
key limitation is the variability in smoking prevalence across regions, making it dif-
ficult to generalize findings to the entire population. Differences in socioeconomic
conditions, cultural norms, and policy enforcement levels should be factored into fu-
ture studies. The study also does not thoroughly analyze the impact of secondhand
smoke exposure, which remains a public health concern, particularly in households
and workplaces. Additionally, the study may have underrepresented specific demo-
graphics, such as expatriates, lower-income individuals, and rural populations, leading
to potential gaps in understanding smoking behaviors among these groups. Finally,
while the study provides valuable odds, ratios, and likelihood estimates, these do not
establish causality. A more robust statistical approach, like regression modeling, could
help isolate independent factors influencing smoking behaviors. Furthermore, the data
set may not fully reflect recent government-led policies and cultural shifts that affect
smoking habits. Future research should include a comparative analysis to assess the
impact of these interventions over time.

Chapter 4 also provides a comparative analysis of various 0 and 1 inflated hurdle

distributions across synthetic and real-world datasets that demonstrate the superior
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performance of the UUTWHurdle model. This model consistently yielded the lowest
values for key information criteria such as AIC, BIC, and AICc, as well as the highest
log-likelihood values, indicating a better fit to the data. The results were consistent
across all three synthetic datasets, each designed with different proportions of zeros,
ones, and fractional values, and were further validated using the age dataset. These
findings highlight the robustness and flexibility of the UUTWHurdle distribution in
modeling data with boundary inflation, making it a reliable choice for similar appli-
cations in real-world contexts.

The thesis makes a substantial contribution to public health research by showing how
sophisticated statistical models can be used to examine Saudi Arabia’s exposure to
passive smoking. Policymakers and public health professionals can learn more from the
findings, especially highlighting the need for focused interventions in high-risk settings
such as workplaces and public areas. Furthermore, the study extends to the literature
on GLMs and hurdle models, with multinomial log-linear models, by demonstrating
how well they can handle complicated datasets with categorical dependencies and an

overabundance of zeros.

5.2 Future Work

Future research should prioritize longitudinal data over cross-sectional studies to assess
causal links and the long-term impacts of interventions on passive smoking exposure.
More complicated models, such as zero-inflated negative binomial models, should be

developed to address zero inflation and overdispersion while increasing analytical pre-
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cision and reliability. By controlling for confounding variables, integrating additional
covariates such as occupation, education, and socioeconomic status would provide a
more comprehensive understanding of the factors contributing to passive smoking.
By applying these models to other public health challenges, such as air pollution, we
can increase their influence and verify their generalization ability. Geospatial analy-
sis could identify high-risk locations and allow for targeted interventions by mapping
exposure patterns, whereas merging machine learning with classical models could en-
hance predictive accuracy and reveal complicated non-linear interactions. Evaluating
the impact of tobacco control initiatives, such as smoking bans or taxes, would provide
information for future public health strategies. Investigating cultural and behavioral
aspects across demographic groups would allow treatments tailored to individual pop-
ulations, ensuring cultural appropriateness and effectiveness. Linking exposure data
to health outcomes will clarify long-term effects, such as respiratory or cardiovascular
problems, thus increasing the evidence base for therapies. International comparisons
would provide meaningful insights into global exposure patterns and tobacco control
efforts. Addressing these areas in future research would build on the findings of this
thesis, advancing the understanding of passive smoking exposure and leading to more
accurate predictions, targeted interventions, and effective public health strategies,

eventually reducing the global burden of passive smoking.
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