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Abstract: Tuberculosis (TB) represents a major threat to global health security and
is currently the world most deadly infectious disease. TB is noted to affect people of
all age groups and exposure to the disease has been shown to exhibit variation in the
risk of infection across different factors. This study was therefore carried out to
identify possible disease associations of some risk factors in relation to time until
onset of TB among TB infected individuals in the Bolgatanga Municipality of the
Upper East Region of Ghana. To this end, secondary data on time until onset of TBwas
obtained from the Bolgatanga Regional Hospital of the Upper East Region of Ghana
and used for statistical analysis. In order to obtain appropriate underlying disease
associations, the Bayesian approach to the modelling of survival time was employed
in the statistical analyses. Thus, different parametricmodels including; skewnormal,
lognormal, shifted lognormal, exponential, Weibull and Fréchet models were fitted
to the TB datawithin the Bayesian framework. TheWeibull was the overall bestfitted
model. Based on the estimation results of the Bayesian Weibull regression model;
individuals with no education, individuals with diabetes and males were identified
as high-risk groups with shorter time frame for the onset of TB in the Bolgatanga
Municipality. The study was concluded by indicating the need for Ghana Health
Service to institute targeted interventions aimed at preventing and controlling the TB
with special emphasis to the high-risk groups in the Bolgatanga Municipality.
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1 Introduction

Tuberculosis (TB) is a communicable disease that mostly affects the lungs with
mycobacterium tuberculosis, a type of bacteria being the causative agent. As an
airborne disease, the bacteria are transmitted when infected people with the disease
release bacteria into the air through coughing, sneezing or spitting (Kiani et al. 2021).

TB represents a major public health problem worldwide and poses a significant
threat to health security. The incidence of tuberculosis has been shown to exhibit an
increasing trend since 2021 with recorded cases exceeding 10 million every year. In
2023, the total number of TB recorded cases was about 10.8 million around the globe
with 6.0 million cases attributed tomen, 3.6 million cases being women and about 1.3
million cases attributed to children (Deku et al. 2024; World Health Organization
[WHO] 2024). Globally, 1.25 million mortalities resulted from TB infections with 1.09
million deaths attributed to HIV-negative people and 161,000 deaths associated with
HIV-positive people (WHO 2024). Although some level of progress has been made in
the fight against TB, TB has replaced COVID-19 as the current global leading cause of
death from a single infectious agent after COVID-19 held the position from 2019 to
2021 (Berida and Lindsley 2024; WHO 2024).

Currently, TB is found everywhere in the world. In 2023, the South-East Asia
Region accounted for 45 %of all TB cases in theworld. The second largest incidence of
TB cases occurred in the African Region accounting for 24 % of all cases whilst
Western Pacific Region accounted for 17 % (WHO 2024).

TB has been an old age major health related problem in Africa and Ghana in
particular. In Africa, TB is noted as one of the top ten causes of death, outrankingHIV/
AIDS (WHO 2020). In 2021, the incidence of TB in Ghana was shown to be 136 per
100,0000with amortality rate of 36 per 100,000 people (WHO 2023). On annual bases,
about 44,000 cases of TB are recorded in Ghanawith an estimatedmortality of 10,000
cases. Noted as the seventh leading cause ofmortality in Ghana, the distribution of TB
cases has been shown to exhibit regional variations in Ghanawith Upper East Region
established as one of the regionswith an increased likelihood of TB infection (Iddrisu
et al. 2024).

Globally, TB affects people of all age groups and exposure to the disease has been
shown to exhibit variation in the likelihood of infection across different risk factors.
People with disease conditions such as HIV/AIDS or diabetes that compromise the
immune system are noted to be at risk of getting infected with TB (Umeta et al. 2022).
Some other covariates include alcohol use, cigarette smoking and educational level
among others (Umeta et al. 2022).
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Considerable progress has been made in relation to the treatment and elimi-
nation of TB in Ghana (Deku et al. 2024). However, there is paucity of data in relation
to assessing the age of onset of TB across different risk factors in the Bolgatanga
Municipality of the Upper East Region of Ghana. Bayesian estimation procedure is a
useful method inmodelling the time until onset of infectious diseases (Rastegar et al.
2024). Thus, the primary objective of this study was to evaluate possible risk factors
associated with the time frame until onset of TB and determine possible disease
associations in the Bolgatanga Municipality of the Upper East Region of Ghana by
applying the Bayesian approach.

The structure for the rest of the article is as follows: In Section 2, the materials
and methods are presented whilst Section 3 outlines the results and discussions.
Section 4 finally presents the conclusions and recommendations of the study.

2 Materials and Methods

2.1 Study Design

Secondary data on tuberculosis was obtained for this study through a retrospective
cohort study design.

2.2 Study Area

The Bolgatanga Municipality of the Upper East Region of Ghana represented the
study area of this work. As the administrative capital of the Upper East Region of
Ghana, the BolgatangaMunicipality is home to the Bolgatanga Regional Hospital. The
hospital serves as a referral center for all private health facilities within the Mu-
nicipality and also provides healthcare services to all patients within the Munici-
pality and beyond.

2.3 Study Population

The participants representing the study population included recorded history of
tuberculosis patients from 2015 to 2024 at the Bolgatanga Regional Hospital.
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2.4 Inclusion and Exclusion Criteria

The medical records of all tuberculosis cases from 2015 to 2024 were included in the
study. Medical records of tuberculosis cases were however excluded from the study
where information on patients age were unavailable.

2.5 Data Collection

Secondary data on tuberculosis were obtained from the Bolgatanga Regional Hos-
pital of the Upper East Region of Ghana by reviewing the medical histories of all
tuberculosis cases recorded from 2015 to 2024. The Records Department of the Bol-
gatanga Regional Hospital is staffed with qualified and well trained personnel. Thus,
the review of themedical records was done by the staff of the Records Department of
the hospital. In all, the data were obtained from the records of 343 patients infected
with TB in the Bolgatanga Municipality. The time frame representing the age of the
patients from birth until onset of tuberculosis was the variable of interest in the
study. Other variables such as diabetes status of patients at the time of TB diagnosis,
sex of patient, marital status, employment status, religion and educational level were
used as independent variables in the study.

2.6 Ethical Approval

The data were provided and approved for its use by the Records Department of the
Bolgatanga Regional Hospital upon written request for the data. Personal informa-
tion and identification numbers of patients were excluded from the data given out
for this study. This, ensured confidentiality in the use of the data that were obtained
for the study.

2.7 Study Variables

2.7.1 Dependent Variable

Time until the onset of TB represented the response variable for the study. Thus, the
age of patient in years from birth until onset of TB was the variable of interest.
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Starting time: Starting time is the age at birth of the TB patient.
End time: is the age at which the event occurred. That is, the age of TB diagnosis.

2.7.2 Independent Variables

Sex: As a prognostic factor, sex refers to male and female categories of the patients.
Marital Status: Three categories (married, single and divorced/widowed) were

defined for marital status of the patients as an independent variable.
Employment Status: Two categories (Employed andUnemployed) were defined

for the employment status of the patients.
Religion: Three categories (Muslim, Christian and Traditionalist) were defined

for the religion of patients.
Educational Level: Four categories (No education, Primary, Secondary and

Tertiary) were defined for educational level of the patients.
Diabetes Status: For the diabetes status of the patients, two categories (Yes and

No) were defined.

2.8 Statistical Analysis

2.8.1 Bayesian Inference

Consider a random sample of independently and identically distributed survival
times t = t1, t2, ..., tn( )′, with a probability function denoted by P(tj|η) and survival
function denoted by S(tj). The likelihood function of the sample according to Umeta
et al. (2022) given that there are censored observations in the data is defined by

L = ∏
n

j=1
P tj η

⃒⃒⃒⃒( )δj S tj( ) 1−δj( ),

where

δj = 0, censored
1, observed{

is an indicator variable.
The Bayesian approach utilizes prior distributions of the unknown parameters η

of the likelihood function in the modelling process. Before the sample tj, is observed,
the prior distribution gives a reflection of existing knowledge about the parameter
space η. Considered as stochastic, appropriate distributions known as prior distri-
butions are assigned to all the parameters η within the Bayesian framework (Blan-
giardo and Cameletti 2015).
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In a posterior inference, a probability distribution known as the posterior dis-
tribution is produced by combining the likelihood function of the sample and prior
distributions (Blangiardo and Cameletti 2015). Given the observed data, the posterior
distribution, denoted by P(η|tj) is the conditional distribution of the parameters.
Defined as the product of the likelihood function and the prior distributions P(η), the
posterior distribution is given by

P η tj
⃒⃒⃒⃒( ) = P tj η

⃒⃒⃒⃒( )P η( )
∫
η

L tj η
⃒⃒⃒⃒( )P η( )dη . (1)

Alternatively, the posterior distribution can be expressed as

P η tj
⃒⃒⃒⃒( )∝ P tj η

⃒⃒⃒⃒( )P η( ), (2)

with ∫
η

L tj η
⃒⃒⃒⃒( )P η( )dη being a normalizing constant. By assigning a distribution for

each parameter under the assumption of the parameter estimates being stochastic
could produce informative priors resulting in misleading statistical inferences
(Hahn 2014). Conjugate or non-informative priors allow for more efficiency in the
parameter estimates of the posterior distributions within the Bayesian framework
(Robert and Rousseau 2023). Thus, non-informative priors were utilized in this
study.

To assess the adequacy of the Bayesian model, trace and density plots of the
parameter estimates of posterior distributions were utilized through Markov
Chain Monte Carlo (MCMC) procedures to determine model convergence in this
study.

2.8.2 Bayesian Analysis Using Weibull Model

Consider that the distribution of the random sample of survival times
t = t1, t2, ..., tn( )′, is that of theWeibull distribution with parameters γ and η. The PDF
and cumulative distribution function (CDF) of the Weibull distribution due to Wei-
bull (1951) are given respectively by

f tj( ) = γ
η

t
η

( )γ−1
e

1
η( )γ , tj ≥ 0, (3)

and

F tj( ) = 1 − e−
1
η( )γ , tj ≥ 0. (4)

The survival function of the Weibull distribution is given by
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S tj( ) = e−
1
η( )γ , tj ≥ 0. (5)

In building the Weibull regression, the log link function is used to introduce cova-
riates to the regression structure such that

E tj( ) = exp Wφ( ),
whereW ′ is a k× 1 vector of explanatory variables andφ is a k× 1 vector of regression
coefficients. That is,

ηΓ 1 + 1/γ( ) = exp Wφ( ).
Thus,

η = exp Wφ( )
Γ 1 + 1/γ( ) .

This therefore gives the likelihood function as

L = ∏
n

j=1

γ
exp wjφ( )/Γ 1 + 1/γ( ) × tj

exp wjφ( )/Γ 1 + 1/γ( )( )γ−1
× e

− t

exp wjφ( )/Γ 1+1/γ( )
⎛⎝ ⎞⎠γ⎡⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎦
δj

× e
− tj

exp wjφ( )/Γ 1+1/γ( )
⎛⎝ ⎞⎠γ⎡⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎦
1−δj( )

.

(6)

In building the posterior distribution, the prior distributions for the regression co-
efficients and shape parameter of the model are specified. In the current study, a
Gaussian prior was chosen for the regression coefficients such that φi∼N 0, σ2

0( )with
a half Cauchy prior chosen for the shape parameter such that γ∼HC(0,k0).

By applying the Bayes theorem, the joint posterior distribution is given by

P γ,φ W , tj
⃒⃒⃒⃒( )∝ L tj γ,φ,W

⃒⃒⃒⃒( )P γ( )P φ( ). (7)

That is,
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P γ,φ W ,tj
⃒⃒⃒⃒( )∝∏n

i=1

γ
exp wjφ( )/Γ 1+1/γ( )× tj

exp wjφ( )/Γ 1+1/γ( )( )γ−1×e−
tj

exp wjφ( )/Γ 1+1/γ( )
⎛⎝ ⎞⎠γ⎡⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎦
δj

× e
− tj

exp wjφ( )/Γ 1+1/γ( )
⎛⎝ ⎞⎠γ⎡⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎦
1−δj( )

× 2×k0

P γ2+k2
0( )×∏Ii=1 1

σo
̅̅̅
2π

√ exp − 1
2×σ2

0
φ2
i( ).

(8)

2.8.3 Bayesian Analysis Using Exponential Model

Consider that the distribution of the random sample of survival times
t = t1, t2, ..., tn( )′, is that of the exponential distribution with parameter η. The PDF of
the exponential distribution as cited by Rather and Rather (2017) and Umeta et al.
(2022) is given by

f tj( ) = η exp −ηtj( ), tj ≥ 0. (9)

The CDF and survival function of the exponential distribution are given respectively
by

F tj( ) = 1 − e− ηtj( ), tj ≥ 0. (10)

and

S tj( ) = e− ηtj( ), tj ≥ 0. (11)

Using the log link function, the exponential regression is defined such that

E ti( ) = exp Wφ( ),
whereW ′ is a k× 1 vector of explanatory variables andφ is a k× 1 vector of regression
coefficients. That is,

1/η = exp Wφ( ).
Thus,

η = 1
exp Wφ( )
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= exp −Wφ( ).
This therefore gives the likelihood function as

L = ∏
n

j=1
e− wjφ+tj exp −wjφ( )[ ]{ }δj × e−tj exp −wjφ( )[ ] 1−δj( )

(12)

By choosing a Gaussian prior for the regression coefficients such that φi∼N 0, σ2
0( ),

the joint posterior distribution is obtained by applying the Bayes theorem. This gives

P φ W , tj
⃒⃒⃒⃒( )∝ L tj φ,W

⃒⃒⃒⃒( )P φ( ). (13)

That is,

P φ W , tj
⃒⃒⃒⃒( )∝∏

n

j=1
e− wjφ+tj exp −wjφ( )[ ]{ }δj × e−tj exp −wjφ( )[ ] 1−δj( )

×∏
I

i=1

1
σo

̅̅̅
2π

√ exp − 1
2 × σ2

0
φ2
i( ) . (14)

2.8.4 Bayesian Analysis Using Lognormal Model

Consider that the distribution of the random sample of independently and identically
distributed survival times t = t1, t2, ..., tn( )′, is that of the lognormal with parameters
μ and σ. The PDF and CDF of the lognormal distribution as cited in Umeta et al. (2022)
are given respectively by

f tj( ) = 2π( )−1/2 tjσ( )−1exp −1
2σ2 log tj( ) − μ[ ]2{ }, μ ∈ R, σ ≥ 0, (15)

and

F tj( ) = Φ
log tj( ) − μ

σ
[ ]. (16)

The survival function of the lognormal distribution is given by

S tj( ) = 1 − Φ
log tj( ) − μ

σ
[ ]. (17)

Using the log link function, the lognormal regression is defined such that

E ti( ) = exp Wφ( ),
whereW ′ is a k× 1 vector of explanatory variables andφ is a k× 1 vector of regression
coefficients. That is,

e μ+σ2/2( ) = exp Wφ( ).
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Thus,

μ = Wφ − σ2

2

This therefore gives the likelihood function as

L = ∏
n

j=1
2π( )−1/2 tjσ( )−1exp −1

2σ2 log tj( ) + σ2/2 −Wφ[ ]2{ }[ ]δj

× 1 − Φ
log tj( ) + σ2/2 −Wφ

σ
[ ][ ] 1−δj( )

(18)

By choosing a Gaussian prior for the regression coefficients such that φi∼N 0, σ2
0( )

and a half Cauchy prior for the scale parameter such that σ∼HC(0,k0), the joint
posterior distribution is obtained by applying the Bayes theorem. This gives

P σ,φ W , tj
⃒⃒⃒⃒( )∝ L tj σ,φ,W

⃒⃒⃒⃒( )P σ( )P φ( ). (19)

That is,

P σ,φ W , tj
⃒⃒⃒⃒( )∝∏

n

j=1
2π( )−1/2 tjσ( )−1exp −1

2σ2 log tj( ) + σ2/2 −Wφ[ ]2{ }[ ]δj

× 1 − Φ
log tj( )+σ2/2−Wφ

σ[ ][ ] 1−δj( )
× 2 × k0

P σ2 + k2
0( ) ×∏

I

i=1

1
σo

̅̅̅
2π

√ exp − 1
2 × σ2

0
φ2
i( ).

(20)

2.8.5 Bayesian Analysis Using Skew Normal Model

Consider that the distribution of the random sample of independently and identically
distributed survival times t = t1, t2, ..., tn( )′, is that of the skew normal with param-
eters μ, σ and γ. The PDF of the skew normal distribution due to Azzalini (1985) as
cited in Wei et al. (2025) is given by

f tj( ) = 2
σ
ϕ

tj − μ
σ

( )Φ γ tj − μ( )
σ

[ ], μ, γ ∈ R, σ > 0, (21)

where Φ(⋅) and ϕ(⋅) represent the CDF and PDF of the standard normal distribution
respectively. The CDF is
and

F tj( ) = Φ
tj − μ
σ

( ) − 2T
tj − μ
σ

, γ( ), (22)

where T(u,v) is Owen’s T function.
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The survival function of the skew normal distribution is given by

S tj( ) = 1 − Φ
tj − μ
σ

( ) − 2T
tj − μ
σ

, γ( ). (23)

Using the log link function, the skew normal regression is defined such that

E ti( ) = exp Wφ( ),
whereW ′ is a k× 1 vector of explanatory variables andφ is a k× 1 vector of regression
coefficients. That is,

μ + γσ̅̅̅̅̅
1 + γ2

√ ̅̅
2
π

√
= exp Wφ( ).

Thus,

μ = exp Wφ( ) − γσ̅̅̅̅̅
1 + γ2

√ ̅̅
2
π

√
.

This therefore gives the likelihood function as

L=∏
n

j=1

2
σ
ϕ

tj −exp Wφ( )+ γσ̅̅̅
1+γ2

√ 2̅
π

√
σ

⎛⎜⎜⎜⎜⎜⎜⎝ ⎞⎟⎟⎟⎟⎟⎟⎠Φ
γ tj −exp Wφ( )+ γσ̅̅̅

1+γ2
√ 2̅

π

√( )
σ

⎡⎢⎢⎣
⎤⎥⎥⎦

⎡⎢⎢⎣
⎤⎥⎥⎦
δj

× 1−Φ
tj −exp Wφ( )+ γσ̅̅̅

1+γ2
√ 2̅

π

√
σ

⎛⎜⎜⎜⎜⎜⎜⎝ ⎞⎟⎟⎟⎟⎟⎟⎠− 2T
tj −exp Wφ( )+ γσ̅̅̅

1+γ2
√ 2̅

π

√
σ

,γ⎛⎜⎜⎜⎜⎜⎜⎝ ⎞⎟⎟⎟⎟⎟⎟⎠
⎡⎢⎢⎣

⎤⎥⎥⎦
1−δj( )

(24)

By choosing a Gaussian prior for the regression coefficients such that φi∼N 0, σ2
0( ), a

half Cauchy prior for the parameters (σ,γ) such that σ∼HC(0,k0) and γ∼HC(0,k1), the
joint posterior distribution is obtained by applying the Bayes theorem. This gives

P σ, γ,φ W , tj
⃒⃒⃒⃒( )∝ L tj σ, γ,φ,W

⃒⃒⃒⃒( )P σ( )P γ( )P φ( ). (25)

That is,

P σ,φ W , tj
⃒⃒⃒⃒( )∝∏

n

j=1

2
σ
ϕ

tj −exp Wφ( )+ γσ̅̅̅
1+γ2

√ 2̅
π

√
σ

⎛⎜⎜⎜⎜⎜⎜⎝ ⎞⎟⎟⎟⎟⎟⎟⎠Φ
γ tj −exp Wφ( )+ γσ̅̅̅

1+γ2
√ 2̅

π

√( )
σ

⎡⎢⎢⎣
⎤⎥⎥⎦

⎡⎢⎢⎣
⎤⎥⎥⎦
δj

× 1−Φ
tj −exp Wφ( )+ γσ̅̅̅

1+γ2
√ 2̅

π

√
σ

⎛⎜⎜⎜⎜⎜⎜⎝ ⎞⎟⎟⎟⎟⎟⎟⎠− 2T
tj −exp Wφ( )+ γσ̅̅̅

1+γ2
√ 2̅

π

√
σ

,γ⎛⎜⎜⎜⎜⎜⎜⎝ ⎞⎟⎟⎟⎟⎟⎟⎠
⎡⎢⎢⎣

⎤⎥⎥⎦
1−δj( )

× 2×k0

P σ2 +k2
0( )× 2×k1

P γ2 +k2
1( )×∏Ii=1 1

σo
̅̅̅
2π

√ exp − 1
2×σ2

0
φ2
i( ).

(26)
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2.8.6 Bayesian Analysis Using Shifted Lognormal Model

Consider that the distribution of the random sample of independently and identically
distributed survival times t = t1, t2, ..., tn( )′, is that of the shifted lognormal with
parameters μ, σ and λ. The PDF of the shifted lognormal distribution due to Aitchison
and Brown (1969) as cited in Dabet et al. (2018) is given by

f tj( ) = 1
σ tj − λ( ) ̅̅̅

2π
√ e ln tj−λ( )−μ[ ]2/2σ2 , μ, σ > 0, tj ≥ λ. (27)

The CDF of the shifted lognormal distribution is given by

F tj( ) = 1
2

1 − sgn −ln tj − λ( ) + μ[ ]/σ{ }erf −ln tj − λ( ) + μ[ ]/σ{ }⃒⃒⃒⃒ ⃒⃒⃒⃒/ 2̅
√( )[ ]. (28)

The survival function of the shifted lognormal distribution is given by

S tj( ) = 1 − 1
2

1 − sgn −ln tj − λ( ) + μ[ ]/σ{ }erf −ln tj − λ( ) + μ[ ]/σ{ }⃒⃒⃒⃒ ⃒⃒⃒⃒/ 2̅
√( )[ ]. (29)

Using the log link function, the shifted lognormal regression is defined such that

E tj( ) = exp Wφ( ),
whereW ′ is a k× 1 vector of explanatory variables andφ is a k× 1 vector of regression
coefficients. That is,

exp μ( ) = exp Wφ( )/ 1 +
̅̅̅̅̅̅̅̅̅̅̅̅
exp σ2( ) − 1[ ]√{ } ̅̅̅̅̅̅̅

exp σ2( )
√[ ].

Thus,

μ = Wφ − σ2.

This therefore gives the likelihood function as

L = ∏
n

j=1

1
σ tj − λ( ) ̅̅̅

2π
√ e ln tj−λ( )−Wφ+σ2[ ]2/2σ2[ ]δj

× 1 − 1
2

1 − sgn −ln tj − λ( ) +Wφ − σ2[ ]/σ{ }erf −ln tj − λ( ) +Wφ − σ2[ ]/σ{ }⃒⃒⃒⃒⃒ ⃒⃒⃒⃒⃒/ 2̅
√( )[ ][ ] 1−δj( )

(30)
By choosing a Gaussian prior for the regression coefficients such that φi∼N 0, σ2

0( ), a
half Cauchy prior for the parameters (σ,λ) such that σ∼HC(0,k0) and λ∼HC(0,k1), the
joint posterior distribution is obtained by applying the Bayes theorem. This gives
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P σ, λ,φ W , tj
⃒⃒⃒⃒( )∝ L tj σ, λ,φ,W

⃒⃒⃒⃒( )P σ( )P λ( )P φ( ). (31)

That is,

P σ,φ W , tj
⃒⃒⃒⃒( )∝∏

n

j=1

1
σ tj − λ( ) ̅̅̅

2π
√ e ln tj−λ( )−Wφ+σ2[ ]2/2σ2[ ]δj

× 1 − 1
2

1 − sgn −ln tj − λ( ) +Wφ − σ2[ ]/σ{ }erf −ln tj − λ( ) +Wφ − σ2[ ]/σ{ }⃒⃒⃒⃒⃒ ⃒⃒⃒⃒⃒/ 2̅
√( )[ ][ ] 1−δj( )

× 2 × k0

P σ2 + k2
0( ) × 2 × k1

P λ2 + k2
1( ) ×∏

I

i=1

1
σo

̅̅̅
2π

√ exp − 1
2 × σ2

0
φ2
i( ).

(32)

2.8.7 Bayesian Analysis Using Fréchet Model

Consider that the distribution of the random sample of survival times
t = t1, t2, ..., tn( )′, is that of the Fréchet distribution with parameters α > 0 and λ > 0.
The PDF andCDF of the Fréchet distribution due to Fréchet (1927) as cited in Zamanah
et al. (2022) are given respectively by

f tj( ) = αλ tj( )−λ−1e−α tj( )−λ , tj > 0. (33)

and

F tj( ) = e−α tj( )−λ . (34)

The survival function of the Fréchet distribution is given by

S tj( ) = 1 − e−α tj( )−λ . (35)

Using the log link function, the Fréchet regression is defined such that

E ti( ) = exp Wφ( ),
whereW ′ is a k× 1 vector of explanatory variables andφ is a k× 1 vector of regression
coefficients. That is,

E tj( ) = exp Wφ( ).
Further,

αΓ 1 − 1/λ( ) = exp Wφ( ).
Thus,
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α = exp Wφ( )
Γ 1 − 1/λ( ) .

This therefore gives the likelihood function as

L = ∏
n

j=1

λ tj( )−λ−1e wjφ− tj( )−λexp wjφ( )[ ]/Γ 1−1/λ( ){ }
Γ 1 − 1/λ( )

⎡⎢⎣
⎤⎥⎦δj × e− tj( )−λexp wjφ( )[ ]/Γ 1−1/λ( )[ ] 1−δj( )

.

(36)

By choosing a Gaussian prior for the regression coefficients such that φi∼N 0, σ2
0( )

and a half Cauchy prior for the shape parameter such that λ∼HC(0, k0), the joint
posterior distribution is obtained by applying the Bayes theorem. This gives

P λ,φ W , tj
⃒⃒⃒⃒( )∝ L tj λ,φ,W

⃒⃒⃒⃒( )P λ( )P φ( ). (37)

That is,

P γ,φ W , tj
⃒⃒⃒⃒( )∝∏

n

j=1

λ tj( )−λ−1e wjφ− tj( )−λexp wjφ( )[ ]/Γ 1−1/λ( ){ }
Γ 1 − 1/λ( )

⎡⎢⎣
⎤⎥⎦δj

× e− tj( )−λexp wjφ( )[ ]/Γ 1−1/λ( )[ ] 1−δj( )

× 2 × k0

P λ2 + k2
0( ) ×∏

I

i=1

1
σo

̅̅̅
2π

√ exp − 1
2 × σ2

0
φ2
i( ).

(38)

2.9 Model Selection Criteria

To determine the model of best fit to the TB data, leave one out cross-validation (LOO-
CV) criterion and the widely applicable information criterion (WAIC) were used in the
study. The LOO-CV due to Vehtari et al. (2017) is amethod that utilizes the log-likelihood
evaluated at the posterior simulations of the parameter values to estimate pointwise
out-of-sample prediction accuracy fromafittedBayesianmodel. TheLOO-CV is givenas

elpdloo = ∑
n

j=1
log p wj w−j

⃒⃒⃒⃒( ), (39)

where

p wj w−j
⃒⃒⃒⃒( ) = ∫p wj φ

⃒⃒⃒⃒( )p φ w−|( )dφ
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is the LOOpredictive density for data pointwj given the remaining data pointsw-j and
φ represents the parameter space of the model.

As an information-based model selection criterion, the WAIC is given by

WAIC = −2∑
n

j=1
log ppost wj( ) + 2pD, (40)

where ∑n
j=1 log ppost wj( ) is the sum of predictive density for each data point and pD is

the effective number of parameters (Umeta et al. 2022). Themodelwith least values of
LOO-CV and WAIC represents the best model (Farhin and Khan 2022).

3 Results and Discussions

3.1 Summary Statistics

Figure 1 presents thehistogramandkernel density plots of the timeuntil onset of TB. The
results show that the ages of the patients until onset of TB are skewed to the right. That is,
majority of the TB patients experienced the onset of TB at a younger age on average.

Table 1 shows the descriptive statistics illustrating the distribution of the pa-
tients across various categories of the predictor variables. Table 1 shows that among
the different sexes, TB infections were high among males accounting for 72.3 % of all
the infections. Also, majority of the patients representing 64.1 % were married fol-
lowed by 30.3 % of the patients being single. Further, the section of the patients who
were unemployed represented amajority of 70.0 % compared to the employed group.
Across the various religions, majority of the TB infections representing 56.6 % were
shown to be among Christians. Across various educational levels also, the level of TB
infection was higher among those with no form of formal education accounting for
43.1 % of the infections. Finally, the descriptive statistics showed diabetes as a co-
morbidity among 27.4 % of the patients infected with TB.

Figure 1: Histogram and kernel density plots of the tuberculosis data.
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3.2 Model Selection Results

To evaluate the effects of the predictor variables on the time until onset of TB in the
Bolgatanga Municipality, Bayesian parametric models were fitted to the TB data and
their performances comparedusing the LOO-CV criterion andWAIC. Table 2 shows the
accuracy measures of the fitted Bayesian regression models. The results showed the
Weibull model as the best fitted model with least values of LOO-CV and WAIC.

Table 3 shows the parameter estimates of the posterior distribution for theWeibull
regression model. Among the predictors, the results showed sex, religion, educational
level and diabetes status to be statistically significant at 95 % confidence level.

Table : Descriptive statistics of patients based on some predictor variables.

Variable Category Frequency (%)

Sex Female  (.%)
Male  (.%)

Marital status Divorced/Widowed  (.%)
Married  (.%)
Single  (.%)

Employment status Unemployed  (.%)
Employed  (.%)

Religion Christian  (.%)
Muslim  (.%)
Traditional  (.%)

Educational level No education  (.%)
Primary  (.%)
Secondary  (.%)
Tertiary  (.%)

Diabetes status Yes  (.%)
No  (.%)

Table : Model accuracy results on the tuberculosis data.

Model LOO estimates WAIC

Elpd-diff se-diff

Weibull . . ,.
Lognormal −. . ,.
Shifted lognormal −. . ,.
Skew normal −. . ,.
Fréchet −. . ,.
Exponential −. . ,.

Bolded means best based on selection criteria.
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3.3 Model Diagnostic Checks

This section investigates the adequacy of the fitted Weibull Bayesian regression
model to determine whether there was satisfactory model convergence. Figures
2–5 show the trace and density plots of the parameters of the fitted Weibull
Bayesian regression model. The results showed an overlay of the chains illus-
trating a good mixing of the three chains for all the parameters. The results
confirm that the Monte Carlo Markov Chain simulation converged satisfactorily to
the target posterior distribution in the estimation of the parameters. The results in

Figure 2: Density and Trace plot of Weibull Bayesian regression parameters.

Figure 3: Density and Trace plot of Weibull Bayesian regression parameters.
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Table 3 also support this finding with the Rhat values being 1 for all the parameters
of the model.

Further, the posterior predictive plot in Figure 6 shows an overlap of the
posterior and replicated distributions having the same trend. The results
confirm that the posterior predictive capability of the Weibull regression model
was adequate in modelling the time until onset of TB in the Bolgatanga
Municipality.

Figure 4: Density and Trace plots of some parameters for Weibull Bayesian regression parameters.

Figure 5: Density and Trace plot of Weibull Bayesian regression parameters.
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3.4 Discussions

The time frame for onset of TB in the Bolgatanga Municipality was shown to be
skewed to the right from the summary results of the study thereby making classical
regression analysis inappropriate for application. Also, the summary results showed
that 27.4 % of the patients infected with TB had diabetes as a comorbidity.

As a robust modelling approach, the Bayesian framework was utilized in
modelling time until onset of TB as a response variable in this study. Varied Bayesian
parametric models that were empirically evaluated included: skew normal,
lognormal, shifted-lognormal, exponential, Weibull and Fréchet Bayesian regression
models. TheWeibull Bayesian regressionmodel was the best performingmodel with
least values of LOO-CV and WAIC.

The posterior estimation results of the Weibull Bayesian regression identified
sex, religion, educational level and diabetes status as statistically significant prog-
nostic factors at 95 % confidence level. However, marital status and employment
status showed no statistical significance.

Thus, at the 95 % confidence level, the results illustrated a statistically significant
difference in the time frame for the onset of TB between males and females. Spe-
cifically, it was empirically established that the time frame for onset of TB is shorter
in males than females. This shows that men get TB at a younger age than women.
Thus, males have a higher risk of getting infected with TB at a younger age than that
of females in the Bolgatanga Municipality. This observation is consistent with
Humayun et al. (2022) that males have a higher risk of getting infected with TB at a
younger age than that of females.

Figure 6: Posterior predictive plot of Weibull Bayesian regression.
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Again, the findings showed a statistically significant difference in the time frame
for the onset of TB between Christians and Traditionalists. The findings specifically
confirmed that Traditionalists have a longer time frame for the onset of TB compared
to Christians. Between Christians and Muslims however, the results showed no
significant difference in the time frame for the onset of TB. The difference could be as
a result of the mass gatherings associated with both Christian and Muslim worship
compared to Traditional worship. This finding is consistent with the observations of
other studies such as Hoang and Gautret (2018) and Yezli et al. (2023) that mass
gathering, as practiced by Muslims and Christians, is associated with an increased
risk of TB infection.

Across different educational levels, the findings indicated a statistically signifi-
cant difference in the time frame for the onset of TB between individuals with no
form of formal education and those with higher educational levels. Specifically, the
results confirmed that individuals with higher educational levels (primary, sec-
ondary and tertiary) have a longer time frame for the onset of TB compared to those
with no formal education. That is, individuals with lower levels of education get
infected with TB at a younger age compared to individuals with higher levels of
education. This finding is consistent withMedhi andMahanta (2008) that individuals
with lower levels of education get infected with TB at a younger age compared to
individuals with higher levels of education.

The findings further established a statistically significant difference in the time
frame for the onset of TB between individuals infected with diabetes and individuals
without diabetes. Specifically, the findings confirmed that individuals infected with
diabetes have a shorter time frame for the onset of TB compared to individualswithout
diabetes. The finding is consistent with Boadu et al. (2024) and Buasroung et al. (2022)
that individuals with diabetes have a higher risk of TB infection.

4 Conclusions and Recommendations

4.1 Conclusions

The study was designed to model the time until onset of TB in the Bolgatanga Mu-
nicipality of the Upper East Region of Ghana and identify possible disease associa-
tions of some risk factors. To this end, skew normal, lognormal, shifted lognormal,
exponential, Weibull and Fréchet models were fitted to the TB data using the
Bayesian procedure. The Weibull model was established as the best performing
model in comparison with the other models. Based on the posterior estimation
results of theWeibull model, sex, religion, educational level and diabetes status were
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established as observed characteristics that significantly influence the time frame
for the onset of TB in the BolgatangaMunicipality. Specifically, it was established that
males have a shorter time frame for the onset of TB compared to females. It was also
established that Traditionalists have a longer time frame for the onset of TB
compared to Christians. Between Christians and Muslims, no significant difference
was however detected in the time frame for the onset of TB in the Bolgatanga
Municipality. Across different educational levels, it was established that individuals
with higher educational levels have a longer time frame for the onset of TB compared
to individuals with no education. Again, it was established that individuals with
diabetes have a shorter time frame for the onset of TB compared to individuals
without diabetes.

4.2 Recommendations

Based on the findings of this study, it is recommended for the Ghana Health Service
and other healthcare agencies within the Muncipality to institute advocacy pro-
grammes on; the need for lifestyle modifications, raising awareness about TB in-
fections and the need for early screening and treatment. This will get the public well
informed and help in the prevention of TB infections. Education on the need for
lifestylemodifications can help prevent conditions such as diabetes and contribute in
reducing the risk of TB infection in the Municipality. As a high risk group, it is also
recommended for males to consider frequent screening for early detection and
treatment of TB in the Bolgatanga Municipality.

4.3 Study Limitations

The use of secondary data limited the choice of variables in the study. Consequently,
important variables such as HIV, hypertension and alcohol usage which could in-
fluence TB infection could not be captured in the current study. Nonetheless, the
findings of this study are useful and have policy implications in the Bolgatanga
Municipality.

Appendix

See Appendix Tables 1–5.
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