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Abstract

The cognitive, emotional, and behavioral functioning of humans is greatly impacted by mental health issues. An increasing
public health concern in Kenya is outpatient mental health morbidity. The geographic distribution of these symptoms and their
correlation with infectious diseases have not, however, been thoroughly investigated. The objective of this research was to
investigate the spatial distribution of mental health conditions in Kenya and their correlation with infectious diseases, including
HIV, TB, and STls. To evaluate the regional distribution of outpatient mental health cases, a spatial modeling approach was
used. In order to find high-prevalence regions and possible links, the study used geostatistical approaches to integrate
epidemiological data on infectious diseases and mental health issues. The results showed that mental health issues were not
evenly distributed, with a higher emphasis in Nairobi and the Western areas. Infectious diseases and mental health disorders
were shown to be strongly correlated, indicating possible connections between these health costs. High accuracy and validity
were displayed by the spatial model, which provided insightful information for planning interventions and allocating resources.
The distribution of mental health disorders and its relationship to infectious diseases in Kenya are better understood thanks to
this study. The results emphasize the necessity of locally focused mental health treatments, especially in high-risk areas. These
insights can be used by policymakers to enhance mental health services accessibility, optimize healthcare methods, and create
integrated treatment plans for people with co-occurring disorders.
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1. Introduction

Psychiatric diseases, often known as mental illnesses or
mental health disorders, have been a major global health
concern for both people and public health systems [14]. The
Mental health problems have a significant impact on how
persons think, feel, and behave.[12]. These illnesses inter-
fered with people’s ability to think clearly and make deci-
sions by warping their views and mental processes [10]. |

have highlighted the crucial role that mental health plays in
overall well-being [1]. They have highlighted the notion that
“no health without mental health” [2].

In Kenya, Public health systems are heavily burdened by
mental health problems, but there is a key knowledge gap
about the regional distribution of these diseases and their
effect on outpatient morbidity [3] The creation of workable
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healthcare policies and efficient resource management tech-
niques is impeded by this knowledge gap [16]. Addressing
these problems and advancing equitable mental health treat-
ment across various regions required an understanding of the
spatial patterns of mental health and their implications for
outpatient morbidity [4].

Untangling the link between mental health problems and
outpatient morbidity, which enables a thorough knowledge
of the influence of mental health on overall healthcare con-
sumption, is another key component [13]. It's crucial to un-
derstand whether particular mental health issues are associ-
ated with particular kinds of outpatient morbidity [6]. Janse
confirmed that such information would help to promote a
holistic approach to healthcare delivery by shedding light on
the complex interactions between physical and mental health
[5].

The study by Bhatt integrated epidemiological data on in-
fectious diseases and mental health disorders using geostatis-
tical techniques to identify high-prevalence locations and
potential connections [11]. Spatial modeling methods to ex-
amine outpatient morbidity and mental health in Kenya may
provide insight into potential risk factors or drivers influenc-
ing the patterns that have been noticed [7]. We can discover
the complex influences on mental health outcomes as dis-
cussed by Porter by examining healthcare-related factors
across various geographic areas [8]. Furthermore, according
to Persad, spatial modeling technique was employed to as-
sess the regional distribution of outpatient mental health cas-
es [9].

The study aimed at spatial modelling to evaluate the geo-
graphic distribution of mental health issues, determining the
connections between these disorders and HIV, STls, and
Tuberculosis [15]. In addition, assess the precision and
soundness of the spatial model and to educate targeted thera-
pists and policy decisions, as well as offer insights into the
regional dynamics of mental health.

2. Methodology

2.1. Ethical Considerations

Before start of the study, the Jomo Kenyatta University of
Agriculture and Technology (JKUAT) Institutional Scientific
and Ethics Review Committee (ISEREC) granted ethical
clearance, guaranteeing that it complied with the rules for
research with human beings.

2.2. Study Design

To evaluate outpatient mental health patients across Ken-
yan regions, a spatial modeling approach was employed. Data
on mental health was combined with epidemiological data on
HIV, TB, and STIs using geostatistical techniques.
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2.3. To Determine the Spatial Distribution of
Mental Health in Kenya

The Intrinsic Conditional Autoregressive (ICAR) model
was employed to investigate spatial dependence in the data.
Key components included:

1) A collection of non-overlapping areal units represented
as S equals {Ss,....S¢}, each with known offsets O
equals {O,...,O} and corresponding responses Y
equals{Yy,...,Yx}-

2) A matrix of covariates X equals {xi,...,xx} and a spatial
structure component y equals {w1,...,w}, representing
residual spatial autocorrelation. « The relationship be-
tween covariates and responses modeled using a hier-
archical Bayesian setting.

3) Modeling of the spatial structure component y using a
weight or adjacency function.

ICAR Models for Areal Data

Framework for CAR Model:

Setofk=1,...K
non-overlapping areal units S = S;,...,S¢
linked to corresponding responses Y = (Yq,...,Yk)

(1)

and known Spatial variation in the response is modeled by a
matrix of covariates

X = (Xll"'!XK) (2)
and a spatial structure component
V= (Wi k) 3

where the latter is included to model any remaining spatial
autocorrelation after accounting for covariate effects. The
vector of covariates for areal unit Sy is denoted by

Xk = (L Xt Xip) 4

Using the Hierarchical Bayesian Setting:
Vel e ~ fOrlov®),k = 1,..,K ®)
g(uK)=xK"TB+ 0K+ YK (6)

where S ~ N(,Z). Within y, a weight or adjacency matrix
controls spatial autocorrelation.

2.4. Structure of the Conditional Autoregressive
(CAR) Model

The study focused on disease risk assessments using the
count (y) of infection cases with the following model struc-
ture:
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yi ~ Pois(LE),n; = log(E;) + log(4;),p

log(ll) = BO + Xﬁjxu + Si,i = 1,2,...,N,

j=1 %
where E;is the offset of polygon i, 4;is the relative risk of
diseases, f,is the intercept, f;is the coefficient of covariate
Xijin polygon i, and s;represents the spatially structured vari-
ate of polygon i following an ICAR distribution.

The ICAR model captures spatial dependency among
neighboring polygons. The distribution of s; follows an ICAR
distribution, mathematically represented as:

s i|s {-i} ~N(Z _{=1}"nw {ij} s j, 1 i"2) (8)
where s_; represents the set of spatially structured variates of
all polygons except polygon i, wj represents the spatial
weights specifying the connectivity between polygon i and
polygon j, and z%is the precision parameter of the ICAR
model for polygon i.

The ICAR model assumes that the spatially structured
variate of each polygon is influenced by the spatially struc-
tured variates of its neighboring polygons. The spatial
weights wjjare typically defined based on adjacency or con-
tiguity between polygons.

By incorporating the ICAR model structure into the
analysis of disease risk assessments, this study aims to
account for spatial autocorrelation in count data and cap-
ture underlying spatial patterns in disease occurrence. The
ICAR model allows estimation of the relative risk of dis-
eases while considering spatial dependencies among
neighboring polygons.

Disease Mental Risk Mapping Using Conditional Auto-
regressive Besag-York-Molli&CAR BYM)

For disease risk mapping, the Conditional Autoregres-
sive-BYM (CAR-BYM) model was utilized. This model
comprised a regular random effect component for spatial
rarefaction and an ICAR component for spatial autocorrela-
tion.

The model equation was:

ni=p+xi" B+¢i+ 01 9)
where L represented the average risk level, x; denoted the
observational vector of independent variables for unit i, S
was the parameter vector, ¢; represented the ICAR compo-
nent, and 6 represented the random effect of non-spatial het-
erogeneity.

2.5. To Evaluate Accuracy and Validity of the
Spatial Model Used Bayesian Inference
with MCMC

Markov Chain Monte Carlo (MCMC) techniques were
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employed for Bayesian parameter estimation. Samples from
the joint posterior distribution were generated iteratively
using the Gibbs sampler method.

The algorithm iterated as follows for each parameter 9:

p(O_t™{(D} [6_{t-13{(2)}, ... 0_{t-1}{(K}. y) (10)
Sample 6; from

Sample 6 _t"{(2)} from 0 _t"{(2)} ~ p(®_t"{(2)} |
0_t"{(1)},0_{t-13{(3)},....0_{t-1}(K)}.y) (11)

Sample 0_t*{(k)} from 0_t"{(k)} ~ p(6_t"{(K)} |
0_t{W)} - 6 AE1N(K-D} ) (12)

Equation 4 represents the model equation for the
CAR-BYM model.

Convergence was assessed, and parameter estimates were
obtained by calculating the posterior means.

Evaluation of the Model:

2.6. Information Criterion for Deviance (DIC)

Model fit was measured using the Information Criterion
for Deviance (DICO, which was also utilized for model se-
lection. The formula for computing it was:

DIC = D(A) + P, (13)
in which P, denoted a Bayesian measure of model complexi-
ty and D(0) represented the posterior mean of the deviance.
A lower DIC value suggested that the model suited the data
better.

Model Implementation:

Using ICAR models and Bayesian inference techniques,
this research offered a comprehensive framework for inves-
tigating spatial dependency in mental health outcomes and
evaluating the influence of factors connected to infectious
diseases.

3. Data Analysis

In this section, the research conducted a spatial map-
ping of mental illnesses in Kenya and explored the rela-
tionship between HIV, STIs, and TB with respect to men-
tal disorders.

3.1. Data Collection

Data on mental health was sourced from medical institu-
tion websites, data collection firms, publications, and data
documents. Secondary sources included the Institute of
Health Metrics and Evaluation, the Kenya National Bureau
of Statistics, and the Mathari National Teaching and Referral
Hospital.


http://www.sciencepg.com/journal/sjams

Science Journal of Applied Mathematics and Statistics http://www.sciencepg.com/journal/sjams

3.2. Software for Data Analysis contain in built tested out functions required to carry out Data
_ _ _ Preprocessing, Exploratory Data Analy- sis, Parameter Estima-
The software of choice was R-Studio and winBUGS as they  tjon and Inference by utilizing Markov Chain Monte Carlo.

4. Results and Discussions

4.1. Spatial Distribution of Mental Health Conditions Among Individuals Seeking Outpatient Care
in Different Regions of Kenya

4.1.1. Mental IlIness Incidence

County
[J1-102
[C110.2-19.4
[ 19.4- 286
B 28.6 - 37.8
B 378 - 141
MH

Figure 1. Mental illness incidence.

The study results map showed that the prevalence of men-  kuru. Conversely, the counties with the lowest (1-10.2) prev-
tal illnesses is highest in the urban areas of Kenya. The  alence of mental illnesses are Mandera, Wajir, Garissa, Tana
counties with the highest (37.8-141) prevalence of mental River, and Turkana (Figure 1).
illnesses are Nairobi, Mombasa, Kiambu, Kisumu, and Na-

4.1.2. STI Incidence

County
[J1-102
[]10.2-194
[ 19.4- 286
B 286 - 37.8
Bl 37.8- 141
STI

Figure 2. STl incidence.
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The counties with the (37.8-141) highest prevalence of
STIs are located in the western and southwestern parts, in-
cluding Siaya, Kisumu, Migori, Homa Bay, Busia, Bungoma,
Bomet, Nandi, and Trans Nzoia. In addition, there were
pockets of high STI prevalence (37.8-141) in other parts such
as Nairobi and Kilifi County (Figure 2).

4.1.3. HIV Incidence
Counties with the highest (6.9-20.6) rates of HIV preva-

lence include Siaya, Kisumu, Migori, Homa Bay, Busia,
Bungoma, Nyamira, Kisii, Kericho, Bomet, Nandi, and
Trans Nzoia. Other parts such as Nairobi County and Kilifi
County also exhibit significant (5.5-6.9) HIV prevalence.
Conversely, the lowest HIV prevalence rates (0-1.5) are
found in Marsabit, Wajir, Garissa, Mandera, Isiolo, Tana
River, Turkana, Lamu, Samburu, West Pokot, Elgeyo
Marakwet, and Baringo (Figure 3).

NEWAIDS
County
[Jo-15
[]15-3.1
E31-55
Bl 55-6.9
B 6.9-206

Figure 3. HIV incidence.

4.1.4. Tuberculosis Incidence

Darker colouring on the map of Kenya denoted higher tuberculosis incidence (0.00098-0.00139). The western and Central
regions had greater rates of tuberculosis than the Coastal and North Eastern regions (Figure 4).

B

County

[10.00014 -
[ 0.00036 -
[ 0.00048 -
I 0.00064 -
I 0.00098 -

0.00036
0.00048
0.00064
0.00098
0.00139

Figure 4. Tuberculosis incidence.
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4.2. Evaluating the Relationship Between Mental Health Conditions and HIV and TB at the

Regional Level

(1) Non-spatial analysis

Table 1. Non-spatial analysis on Relationship between Mental Disorders and HIV, TB, and STIs.

Node Mean SD MC Error
a0 0.05076 0.03156 6.435 <107*
al[1] (STI) 0.005517 4.485 x10™*  8.865 x107°
al[2] (TB) 6.916 x10™*  1.998 x10™*  2.558 <1076
al[3] (AIDS)  -0.02062 0.002468 3.0103 <1075

1. STI (Infections Transmitted by Sexual Intercourse -
oq[1]):
1) The effect of STI on mental illness (a([1]) has a poste-
rior mean estimate of around 0.005517.
2) The 95% credible interval (CI) for o,[1] ranges from
0.004642 to 0.005518.
Inference: STIs and mental illness are positively and sta-
tistically significantly correlated (0.005517).
2. o4[2] (Tuberculosis):
1) The posterior mean estimate for the impact of tubercu-
losis on mental illness (a3[2]) is approximately 6.916 x
107,
2) The 95% credible interval (CI) for a;[2] spans roughly
from 2.978 x107t0 6.934 x10™*.
Inference: There exists a statistically significant and posi-
tive association between mental illness and tuberculosis.
(data) Specifically, there is a slight rise in mental illness for

Table 2. Relationship between Mental

Node Mean SD MC Error
a0 -0.1441 0.06276 0.002417
al[1] (STI) 0.002576 6.686 x10™*  2.023 x<107°
al[2] (TB) 5.935 x107* 2.483 x107* 5.141 x107°
c 1.462 0.1665 0.00168
T 0.4861 0.1086 0.00118
al[3] (AIDS)  0.002954 0.00654 2.265 %107
1 o
1) The posterior mean estimate for ap is approximately
-0.1441.
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2.5% Median 97.5% Start  Sample
-0.01194 0.05104 0.1111 1 20000
0.004642 0.005518 0.00638 1 20000
2.978 x107* 6.934 x<107* 0.001082 1 20000
-0.0255 -0.02058 -0.01587 1 20000

every unit increase in tuberculosis within the credible inter-
val.

3. ay[3] (AIDS):

1) The effect of AIDS on mental illness (a[3]) has a pos-

terior mean estimate of about —0.02062.
2) The 95% credible interval (CI) for ay[3] ranges from
—0.0255 to —0.01587.

Inference: There is a statistically significant and adverse
correlation between mental illness and HIV. Specifically,
there is a correlation between a one-unit rise in HIV and a
decline in mental illness that is contained within the credible
interval (Table 1).

(2) Spatial Analysis

Below is a table showing the relationship between Mental
Disorders and HIV, TB, and STIs with the spatial aspect in
consideration.

Disorders and Infectious Diseases.

2.5% Median 97.5% Start  Sample
-0.269 -0.143 -0.02424 1 20000
0.001274 0.002576 0.003872 1 20000
1.037 x<10™ 5.954 x107* 0.001074 1 20000
1.175 1.448 1.83 1 20000
0.2987 0.4768 0.7241 1 20000
-0.009481 0.002846 0.01576 1 20000

2) The standard deviation (SD) of «g is approximately
0.06276.
3) The 95% credible interval for aqranges from approxi-
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mately -0.269 to -0.02424.
Inference: In the context of this analysis, agrepresents the
baseline effect on mental illness when all other covariates
(STI, TB, AIDS) are zero. The posterior mean of approxi-
mately -0.1441 suggests a negative impact on mental illness,
and the 95% credible interval indicates that this effect is sta-
tistically significant and falls between -0.269 and -0.02424.
2. ay[1] (associated with STI):
1) The posterior mean estimate for a;[1] is approximately
0.002576.

2) The standard deviation (SD) of a3[1] is approximately
6.686 <107,

3) The 95% credible interval for a;[1] ranges from ap-
proximately 0.001274 to 0.003872.
Inference: a[1] represents the effect of STI on mental ill-
ness. The posterior mean of approximately 0.002576 sug-
gests a positive impact, and the 95% credible interval indi-
cated that this effect was statistically significant and fell be-
tween 0.001274 to 0.003872.
3. ay[2] (associated with TB):
1) The posterior mean estimate for a4[2] is approximately
5.935 <107,

2) The standard deviation (SD) of a3[2] is approximately
2.483 <107,

3) The 95% credible interval for ay[2] ranges from ap-
proximately 1.037 <10 “to 0.001074.

Inference: In the context of this analysis, a3[2] represents
the effect of TB on mental illness. The posterior mean of
approximately 5.935x10* suggests a positive impact, and the

95% credible interval indicated that this effect was statisti-
cally significant and fell between 1.037 %10 “to 0.001074.
4. oy[3] (associated with AIDS):
1) The posterior mean estimate for a,[3] is approximately
0.002954.
2) The standard deviation (SD) of a4[3] is approximately
0.00654.
3) The 95% credible interval for o4[3] ranges from ap-
proximately -0.009481 to 0.01576.

Inference: In the context of this analysis, o4[3] represents
the effect of AIDS on mental illness. The posterior mean of
approximately 0.002954 suggests a positive impact, and the
95% credible interval indicates that this effect is statistically
significant. However, the wide credible interval suggests
some uncertainty about the magnitude of this effect.

5. o (Standard Deviation of Residuals):

The posterior mean estimate for the standard deviation of
residuals (o) is approximately 1.462.

Inference: o represents the variability of the unexplained
part of mental illness not captured by the covariates. A high-
er ¢ indicates higher variability in mental illness not ex-

plained by the model.
6. 7 (Precision or Inverse Variance of the Covariate Ef-
fects):

The posterior mean estimate for z is approximately 0.4861.

Inference: 7 represents the precision of the covariate ef-
fects. A lower 7 indicates more precise estimates of the co-
variate effects.

(3) Spatial-Temporal Analysis

Table 3. Spatial-Temporal Analysis on the Relationship between Mental Disorders and Infectious Diseases.

Node Mean SD MC Error

a0 -0.2158 0.0754 0.003107

al[1] (STI) 0.002381 6.904 x10™*  2.226 <1075

al[2] (TB) 5.014 x<107* 2.557 x107* 5.463 x107°

03 (Time) 0.02319 0.01347 4.002 <10

c 1.485 0.1695 0.001817

T 0.4709 0.1051 0.001133

al[3] (AIDS) 0.006874 0.006923 2.652 x<107*

1. ap:

1) The posterior mean estimate for o is approximately
-0.2158.

2) The standard deviation (SD) of «q is approximately
0.0754.

3) The 95% credible interval for aranges from approxi-
mately -0.3732 to -0.07168.
Inference: In the context of this analysis, agrepresents the

2.5% Median 97.5% Start Sample
-0.3732 -0.2132 -0.07168 1 20000
0.001046 0.002375 0.003754 1 20000
-3.15 x107° 5.032 x107* 9.979 x<107* 1 20000
-0.003645 0.02329 0.04951 1 20000
1.196 1.471 1.857 1 20000
0.2901 0.4623 0.6989 1 20000
-0.006332 0.006733 0.02119 1 20000
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baseline effect on mental illness when all other covariates
(STI, TB, AIDS) are zero. The posterior mean of approxi-
mately -0.2158 suggests a negative impact on mental illness,
and the 95% credible interval indicates that this effect is sta-
tistically significant and falls between -0.3732 and -0.07168.
2. oy[1] (associated with STI):
1) The posterior mean estimate for a;[1] is approximately
0.002381.
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2) The standard deviation (SD) of al1[1] is approximately
6.904 <107,

3) The 95% credible interval for a4[1] ranges from ap-
proximately 0.001046 to 0.003754.

Inference: In the context of this analysis, a3[1] represents
the effect of STI on mental illness. The posterior mean of
approximately 0.002381 suggests a positive impact, and the
95% credible interval indicates that this effect is statistically
significant and falls between 0.001046 and 0.003754.

3. a3[2] (associated with TB):

1) The posterior mean estimate for a4[2] is approximately

5.014 <107,
2) The standard deviation (SD) of «;[2]is approximately
2.557 <10,

3) The 95% credible interval for «;[2] ranges from ap-

proximately —3.15x10 ®t0 9.979x10*.
Inference: In the context of this analysis, a3[2] represents
the effect of TB on mental illness. The posterior mean of
approximately 5.014>10“ suggests a positive impact, but it’s
important to note that the 95% credible interval includes
values very close to zero. This indicates some uncertainty
about the magnitude and statistical significance of this effect.
4. o4[3] (associated with AIDS):
1) The posterior mean estimate for a,[3] is approximately
0.006874.

2) The standard deviation (SD) of «;[3]is approximately
0.006923.

3) The 95% credible interval for a[3] ranges from ap-
proximately -0.006332 to 0.02119.
Inference: In the context of your analysis, a;[3] represents
the effect of AIDS on mental illness. The posterior mean of
approximately 0.006874 suggests a positive impact, and the
95% credible interval indicates that this effect is statistically
significant. However, the wide credible interval suggests
some uncertainty about the magnitude of this effect.
5. a3:
1) The posterior mean estimate for a3 is approximately
0.02319.

2) The standard deviation (SD) of a3 is approximately
0.01347.

3) The 95% credible interval for azranges from approxi-
mately —0.003645 to 0.04951.

Inference: azrepresents the Temporal aspect of the model.
The posterior mean estimate of approximately 0.02319 indi-
cates a certain positive impact, and the credible interval sug-
gests that this effect is statistically significant.
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4.3. Evaluation of Accuracy and Validity of the
Spatial Model

Model Comparison

1. Variability (o) and Precision (t)

In the context of the analysis, o represents the standard
deviation of the residuals in your model, indicating the
amount of unexplained variability in mental illness not cap-
tured by the covariates. The values for ¢ in each of the three
analyses are as follows:

1) Non-Spatial Analysis: o =~ 1.462

2) Spatial Analysis: o~ 1.485

3) Spatial-Temporal Analysis: o =~ 1.485

The relatively close values of ¢ across all three analyses
suggest that the unexplained variability in mental illness re-
mains similar. A higher ¢ value implies a greater degree of
unexplained variability in mental illness not accounted for by
the model.

2. Precision (1)

In the context of the project analysis, 7 represents the pre-
cision or the inverse variance of the covariate effects. A
lower 7 value indicates more precise estimates of the covari-
ate effects. The values for 7 in each of the three analyses are
as follows:

1) Non-Spatial Analysis: 7~ 0.4861

2) Spatial Analysis: 7~ 0.4709

3) Spatial-Temporal Analysis: 7~ 0.4709

The consistent range of values for ¢ across all three anal-
yses suggests that the precision of the estimates of covariate
effects is similar in each model.

4.4. Model Comparison Based on DIC

1. Non-Spatial Model (GLM)

1) DIC =0.0502

2) Moderate model complexity

3) Offers a decent match to the data

2. Spatial Model

1) DIC =-0.1463

2) Lower DIC compared to the non-spatial model

3) Balances complexity and provides a better fit to the da-

ta
3. Space-Time Model
1) DIC =-0.221

2) Lowest DIC among the three models
3) Offers the best balance between model complexity and
data fitting
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Following Convergence Criteria: Rhat Values: < 1.1, the model showed a High Degree of Convergence.

Figure 5. Gelman Rubin Spatial-Temporal Trace.

5. Discussion

This study sheds important light on the spatial distribution
of mental health conditions and their relationship to infectious
diseases among Kenyan outpatients.

It shows that mental health disorders are not evenly dis-
tributed, with higher prevalence rates found in urban areas
like Nairobi, Mombasa, Kisumu, Kiambu, and Nakuru, while
significantly lower cases of mental health morbidity were
found in northeastern counties like Mandera, Wajir, and
Garissa.

It also found a strong correlation between mental health
disorders and infectious diseases like HIV, STIs, and tuber-
culosis (TB), with higher incidences of mental health disor-
ders in regions with a higher burden of these infections. The
highest prevalence of STIs was recorded in Nairobi and Kilifi,
while TB was more concentrated in the western and center
areas. Similarly, Siaya, Kisumu, Homa Bay, and Nairobi had
the highest rates of HIV prevalence, which may have been
brought on by things like population movement, commercial
sex, and restricted access to medical care.

The spatial modeling approach's efficacy in capturing re-
gional disparities in mental health disorders was further
supported by the study. When compared to other models, the
spatial-temporal model performed better, as evidenced by its
lowest Deviance Information Criterion (DIC) value of -0.221.
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5.1. Analysis of the Results

The observed geographical variations in mental health
prevalence could be explained by a number of reasons. Rather
than a real rise in instances, the increased burden in metro-
politan areas may be the result of better reporting systems and
diagnostic skills. Furthermore, people in metropolitan envi-
ronments are more likely to experience stress, unstable fi-
nances, and social isolation, all of which could help explain
why mental health concerns are more common.

There are several reasons why infectious infections and
mental health issues may be related. Mental health is ad-
versely affected by chronic diseases like HIV and TB, which
can cause psychological suffering, social stigma, and exclu-
sion. The cohabitation of infectious diseases with mental
health issues may be made worse by socioeconomic factors
such as unemployment, poverty, and access to healthcare. The
need for focused interventions is highlighted by the signifi-
cant STI burden in Nairobi and Kilifi, which may be caused
by high population density, restricted access to healthcare,
and high-risk behaviors.

5.2. Evaluation Against Previous Research

These results are consistent with earlier studies on regional
differences in mental health. According to studies like Persad


http://www.sciencepg.com/journal/sjams

Science Journal of Applied Mathematics and Statistics

http://www.sciencepg.com/journal/sjams

(2020), mental disorders are more common in metropolitan
areas. incidents, mostly as a result of improved diagnostic
systems and increased access to healthcare. Price et al. (1988),
who highlighted the interdependence of physical and mental
health states, especially in populations with high communi-
cable illness burdens, concur with the observed relationship
between infectious diseases and mental health.

Additionally, the patterns of regional TB prevalence are
consistent with research by Janse Van Rensburg et al. (2020),
which emphasized differences in the frequency of infectious
diseases in various geographical areas. Furthermore, by of-
fering spatially explicit data supporting the need for region-
ally specific mental health initiatives, this study expands on
the work of Meyer & Ndetei (2016).

5.3. Policy and Practice Implications

The study emphasizes the value of integrated healthcare
strategies that address physical and mental health issues at the
same time. Considering the known correlation between in-
fectious diseases and mental health conditions, incorporating
mental health services into existing HIV and TB treatment
programs could enhance patient outcomes. Additionally,
community-driven mental health interventions, such as peer
support initiatives and educational programs, should be pri-
oritized in high-prevalence regions. Healthcare policymakers
should consider the identified spatial disparities when allo-
cating resources, ensuring equitable distribution of mental
health services. Special focus should be placed on regions
with a high burden of infectious diseases, where mental health
services remain underdeveloped.

5.4. Strengths and Limitations

A notable strength of this study is its use of advanced spa-
tial modeling techniques, which provide high-resolution in-
sights into mental health disparities across Kenya. The vali-
dation of the spatial model further reinforces the reliability of
these findings, offering a robust tool for healthcare policy and
planning.

Nonetheless, it is important to recognize some limitations.
Due to the study's reliance on secondary data sources, re-
porting and completeness may have been inconsistent. Fur-
thermore, although links between mental health and infectious
disorders were found, causative correlations could not be
deduced. It is advised that future longitudinal studies inves-
tigate the directionality of these correlation.

6. Conclusion

The research concluded that among patients seeking out-
patient therapy in various parts of Kenya, there is a
non-uniform spatial distribution of mental health disorders.
This non-uniform distribution suggests that the needs for
mental health care may differ geographically. The study
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found a strong correlation at the regional level between the
prevalence of HIV, STls, and TB and mental health disorders.
There may be a complex interaction between the burdens of
infectious diseases and mental health issues because regions
with greater rates of these infectious disease burdens also
had higher rates of mental health disorders This study’s spa-
tial model is determined to be both valid and accurate, as it
successfully pinpoints regions with higher rates of mental
health issues. Healthcare planners can benefit greatly from
the model by using it to better allocate resources and enhance
access to mental health services in high-risk areas. The re-
sults highlight the value of focused therapies and integrated
healthcare methods in addressing the intricate interactions
between mental and physical health problems. The study
recommends that the inclusion of mental health treatments
into currently running HIV and TB healthcare initiatives
should be encouraged to improve patient care and make it
more comprehensive and efficient. Cross-Sectoral Collabo-
ration: To address the underlying causes of mental health
disorders, promote cooperation between the social services,
education, employment, and health sectors. Encourage the
development of community-based mental health programs,
such as peer support groups, public awareness campaigns,
and community education.

Development and implementation of geographically tai-
lored mental health intervention programs should be done in
accordance with the high-prevalence areas that have been
identified. The goals of these initiatives need to be to in-
crease people’s knowledge, accessibility to resources, and
choices for treatment in these areas.
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