
Med Pharmacol OA, 2025 Volume 3 | Issue 2 | 1

Clusters of Communicable Diseases in Selected Regions of Tanzania
Research Article

Twalibu Fadhili and Ramkumar T. Balan*

*Corresponding Author
Ramkumar T. Balan, CNMS, University of Dodoma, Tanzania

Submitted: 2025, May 19; Accepted: 2025, Jun 25; Published: 2025, Jul 01

Citation: Fadhili, T., Balan, R. T. (2025). Clusters of Communicable Diseases in Selected Regions of Tanzania. Med Pharmacol 
OA, 3(2), 01-11.

CNMS, University of Dodoma, Tanzania

Abstract
All around the world, particularly in Africa, communicable diseases have become a challenge to the public health 
system. Understanding the interactions and dynamics between multiple diseases that share resources, time, and 
geography is essential, especially in contexts where resources are scarce. This study is the beginning in Tanzania to 
assess the communicable disease clusters in selected regions to make precautions and awareness amongst people 
and the healthcare community to prevent the diseases. Four diseases—influenza, urinary tract infection, diarrhoea, 
and malaria, depending on their mode of transmission—vector, person-to-person contact, oral contact, and airborne 
contact, respectively—were considered for the study. The study includes six zones: Arusha, Dar es Salaam, Dodoma, 
Mbeya, Mtwara, and Mwanza for the period of 2020 to 2021.  Statistical tools like discriminant analysis and cluster 
analysis pinpointed the risky age groups with multiple diseases in specified regions. The study showed that the elderly 
in Arusha, Mbeya, and Mtwara were at high risk, while the children in Dar es Salaam and Dodoma and the infants in 
Mwanza were also at risk.
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1. Introduction
Communicable diseases (DCs) are more widely acknowledged as 
a serious worldwide public health issue that has a negative impact 
on people’s health, healthcare expenses, and productivity [1-3]. 
Despite there being enormous advancements in prevention and 
treatment, CDs continue to be the world’s major causes of death, 
morbidity, and deterioration of living conditions for millions of 
people [4-7]. However, Africa faces challenges with public health 
management due to lack of disease knowledge, prevalence and 
awareness, poor information, and inadequate health resources such 
as specialists, infrastructure, medical equipment, and medicine 
[8]. Thus, by considering the prevalence of multiple diseases, 
categorizing disease occurrences, and clustering disease-prone 
zones, it is necessary to control the diseases effectively. It will help 
to determine the extent, variations, and consequences of the chosen 
diseases based on their modes of transmission, such as airborne, oral, 
vector-borne, and head-to-head in different locations reveal three 

means of transmission oral, vector-borne, and airborne and include 
salmonellosis, borreliosis, and influenza, respectively, in the Arctic 
and Subarctic regions [9,10]. The study’s findings show that there 
is a strong regression between climatic covariates and diseases 
caused by contaminated food and water. Moreover,conducted 
research on three communicable diseases, including the Human 
Immunodeficiency Virus (HIV), Tuberculosis (TB), and Hepatitis 
C Virus (HCV), amongst prisoners and the public. The study’s 
findings show that the reduction of imprisonment rates was 
predicted to lower TB infections amongst inmates as well as HIV 
and HCV infections amongst drug injectors [11].

Considering the literature, univariate studies were more frequently 
found to estimate the prevalence and the spread of the disease, while 
the rate of incidence of disease was analysed using the multivariate 
strategy. Techniques on several variables will produce clinical 
judgments for the study that are more accurate and trustworthy 
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[12-15]. This study used a multivariate analysis to classify four 
diseases—diarrhoea, influenza, malaria, and urinary tract infection 
(UTI) in six locations as frequent incidence amongst different age 
groups. Discriminant analysis and cluster analysis were used to 
categorize the diseases in selected regions at low, moderate, 
and high risk. The statistical techniques reviewed for CDs are 
based on various strategies related to clusters of communicable 
diseases in particular places that have been categorized or 
identified.  According to Gupta et al. (2022), Linear Discriminant 
Analysis (LDA) is the component of classification that optimizes 
the separation of the data, which maximizes the difference between 
the averages and minimizes the variance in accounting for most 
categories. Rasheed (2022) investigated extensively modified 
reverse transcriptase-polymerase chain reaction in the COVID-19 
pandemic by choosing the optimal linear discriminants that 
maximize variability across numerous classes. He suggested that 
categorizing performance by assessing the influence of clinical 
data should be taken into consideration under LDA for prediction 
purposes.

In Tanzania, the use of linear discriminant analysis to estimate 
prevalence and incidence rate is not yet explored. Since the goal 
of the study was to allocate scarce resources and to display the 
disease categories of the multiple diseases in the chosen locations 
in their corresponding zones, LDA was the best method to get 
accurate estimations of the course of the disease as well as the 
allocation of Tanzania’s limited resources [16]. This was a cross-
sectional study using secondary data from the Ministry of Health 
(MoH) database and was based on four diseases, including 
diarrhoea, influenza, malaria, and UTI. It was conducted at the 
Monitoring and Evaluation Department (MED), which is based 
on the Tanzanian mainland, gathered and organized monthly 
from 2020 to 2021. A variety of unity types zones, and regions 
were used in the study, including the northern zone Arusha, the 
coastal zone Dar es Salaam, the central zone Dodoma, the southern 
highland Mbeya, the southern zone Mtwara, and the Lake Zone 
Mwanza. All patients recorded in the MoH database, regardless of 
age groups, were included in the study population.

2. Methodology
Using a linear discriminant analysis, the risk at different age 
groups was determined, where the sample unit included incidenc-
es of diseases diarrhoea, influenza, malaria, and UTI and patient 
occurrences infant, childhood, adolescence, and elders as covari-
ates. The objective of categorizing the disease affected as minor, 
moderate, and high was done by discriminant functions. Group 
means, coefficients of lineardiscriminants, and prior probabilities 
of groups were taken into account throughout the analysis to dis-
tinguish the zones with respect to diseases, where the coefficients 
for the linear discriminant function are considered [17,18]. Wichi-
ern (2007) reveals that Mahalanobis and prior probability are used 
to create a linear discriminant function, and the group that has the 
shortest Mahalanobis distance in terms of multivariate space is the 
group to which it is most similar. Moreover, the observations of 
a case are presented to the linear function of each group in or-
der to get a classification score; the case is then allocated to the 

group with the highest classification score. By applying the Bayes 
theorem to these categorization scores, posterior probabilities are 
calculated. 

3. Results and Discussions
Using a linear discriminant analysis, the risk in different 
age groups was determined, where the sample unit included 
incidences of diseases diarrhoea, influenza, malaria, and UTI 
and patient occurrences infant, childhood, adolescence, and 
elderly as covariates. The objective of categorizing the disease 
affected as minor, moderate, and high was done by discriminant 
functions. Group means, coefficients of linear discriminants, and 
prior probabilities of groups were taken into account throughout 
the analysis to distinguish the zones with respect to diseases. 
Wichiern (2007) reveals that shortest Mahalanobis distance and 
prior probability are used to create a linear discriminant function, 
and similar and dissimilar groups. Moreover, the observations of 
a case are presented to the linear function of each group in order 
to get a classification score; the case is then allocated to the group 
with the highest classification score. By using the Bayes theorem 
for these categorization scores, posterior probabilities were 
calculated; that is, the assigned categorization is assessed using 
posterior probabilities of members of the groups and typicality 
probabilities, which are measures of how typical a case’s data is 
for each category [19].

3.1. Results
The linear discriminant functions were applied to the incidence 
data set for the four diseases, which included the total number of 
cases throughout the study areas. The study focuses on the spatial 
distribution of the chosen diseases by categorizing the age groups 
into low, medium, and high risks. The results of selected regions 
were as follows:

3.2. Arusha Region
There are three discriminant functions generated after grouping 
data on the measured covariates. The mathematical formulation of 
the discriminant function is provided below
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𝑍1 =− 0.0013489 𝐴 − 0.0004770926𝐵 + 0.00132044𝐶 + 0.0019802474𝐷 1

𝑍2 = 0.0145472 𝐴 − 0.0014256251𝐵 − 0.0002573747𝐶 + 0.001251644𝐷 2

Z3 =− 0.002241038A + 0.001213197B − 0.00124355C + 0.00638875D 3

𝐴 = infant (age < 1 year), 𝐵 = childhood (1≤ age < 5 year), 𝐶 = adolescence (5 year ≤ age < 60
years) and 𝐷 = elders (age ≥ 60).

The first discriminant function, Z1, showed that D had the largest contribution to differentiate the
four diseases. The scale rates that signify covariates were obtained as follows: Z1 captured
92.96% of the differences between the diseases (D, A, C, B). The second and third discriminant
functions, Z2 and Z3, together explained only 7.025% and 0.03% of the total variance,
respectively. Also, from Figure 1, the UTI was positively influenced at high concentrations by
covariates C and D, whereas diarrhoea, malaria, and influenza are unfavourable at high
concentrations to covariates A and B. That is, in Arusha, children over the age of five suffer
significantly from UTI, while children under the age of five suffer significantly from malaria,
diarrhoea, and influenza. The results showed that 91.7% of the samples taken from various
diseases were accurately matched to the associated covariates, while 8.3% of them had
misclassification rates.

Figure 1: Displaying the results of the first discriminant function for disease incidences in
Arusha.

              
   
A = infant (age < 1 year),  B =childhood (1≤ age < 5 year), C = 
adolescence (5 year ≤ age < 60 years) and   D =elders (age ≥ 60).

The first discriminant function, Z1, showed that D had the largest 
contribution to differentiate the four diseases. The scale rates that 
signify covariates were obtained as follows: Z1 captured 92.96% of 
the differences between the diseases (D, A, C, B). The second and 
third discriminant functions, Z2 and Z3, together explained only 
7.025% and 0.03% of the total variance, respectively. Also, from 
Figure 1, the UTI was positively influenced at high concentrations 
by covariates C and D, whereas diarrhoea, malaria, and influenza 
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are unfavourable at high concentrations to covariates A and B. 
That is, in Arusha, children over the age of five suffer significantly 
from UTI, while children under the age of five suffer significantly 
from malaria, diarrhoea, and influenza. The results showed that 

91.7% of the samples taken from various diseases were accurately 
matched to the associated covariates, while 8.3% of them had 
misclassification rates.
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3.3. Dar es Salaam Region
The mathematical formulation of the discriminant functions is as 
follows: these two functions depend on their posterior probabilities 
as follows.
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2. Dar es Salaam Region
The mathematical formulation of the discriminant functions is as follows: these two functions
depend on their posterior probabilities as follows.

𝑍1 = 0.062𝐴 + 0.101𝐵 + 0.025𝐶 + 0.064𝐷 4
𝑍2 = 0.001𝐴 + 0.0008𝐵 − 0.00035𝐶 + 0.00065𝐷 5

according to equation Z1, B contributed the most to differentiate the four diseases. Z1 predicted
98.8% of the variations in the diseases and was ranked B, D, A, and C in order of significance.
Z1 has outdone Z2 in capturing 1.2% of the overall variance. Moreover, UTI has a favourable
impact on all covariates, as shown by the study’s result in Figure 2. Results show that UTI is the
major disease of people in Dar es Salaam of all ages. The study demonstrates that 100% of the
samples collected from the study were accurately assigned to their relative covariates with
respect to LDA.

Figure 2: Displaying the first discriminant function for disease incidences in Dar es Salaam.

3. Dodoma Region
The discriminant functions are

𝑍1 = 0.00058𝐴 − 0.00088𝐵 + 0.00081𝐶 + 0.00076𝐷 6
𝑍2 =− 0.149𝐴 + 0.112𝐵 − 0.0645𝐶 + 0.026𝐷 7
𝑍3 =− 0.007𝐴 + 0.0039𝐵 − 0.00056𝐶 − 0.00142𝐷 8

Z1 reveals that B had the greatest influence on the ability to distinguish between the four
diseases. The discriminant functions Z2 and Z3 contributed only 10.66% and 0.07% of the total
variance respectively. As shown in Figure 3, UTI had a positive influence on A, C, and D,
whereas influenza has a negative effect on B. Moreover, in the study, 91.7% of the samples
studied were correctly categorized into their relevant characteristics, whereas 8.3% of the
samples were incorrectly classified.
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Figure 3: Displaying the results of the first discriminant function for disease incidences in
Dodoma.
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𝑍2 = 0.00044𝐴 + 0.00204𝐵 − 0.000196𝐶 − 0.00134𝐷 10
𝑍3 = 0.0036𝐴 − 0.00048𝐵 − 0.00059𝐶 + 0.0028𝐷 11

According to Z1, D had the largest influence on distinguishing the samples compared to B, A,
and C, capturing 87.96% of the variants. Z2 and Z3 accounted for 10.04 percent and 1.99 percent
of the total discrepancy, respectively. From Figure 5, diarrhoea and influenza have a significant
impact on B, whereas UTIs with lower total variances were associated with a higher chance of
affecting D, C, and A. The study discovered that 92.7% of the disease-specific samples were
accurately categorized in their relative covariates with a misclassification rate of 7.3%.
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𝑍2 =− 0.00081𝐴 + 0.00078𝐵 − 0.00018𝐶 + 0.00032𝐷 16
𝑍3 = 0.361𝐴 − 0.0727𝐵 − 0.0495𝐶 − 0.044𝐷 17

For Z1, the risk associated with the covariate is greater for A than for D, B, and C. Z2 and Z3
account for 22% and 2.22% of the overall variance, respectively. 87.57 percent of the variations
between the diseases were accurately captured by Z1. The results suggest that variable C has the
greatest impact on both diarrhoea and influenza. As illustrated in Figure 6, the results of the first
discriminant function for disease incidence demonstrate that variables B and D have been
favourably influenced by UTI and malaria. The study reveals that 100% of the samples collected
from various diseases are correct to their appropriate variables.
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4. Dendrogram, Cluster Membership, and Silhouette
4.1. Dendrogram and Cluster Membership
The dendrograms, as portrayed in Figures 7 to 12, show the outcomes 
of both the agglomerative and divisive methods in determining the 

clusters of the different zones. The study illustrated each cluster’s 
membership and behaviour in chronological sequence. The study 
sought to compare and contrast how each patient is observed by 
cluster memberships in each zone, as shown in table 1.
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3.2 Dendrogram, Cluster Membership, and Silhouette

3.2.1Dendrogram and Cluster Membership

The dendrograms, as portrayed in Figures 7 to 12, show the outcomes of both the agglomerative
and divisive methods in determining the clusters of the different zones. The study illustrated each
cluster’s membership and behaviour in chronological sequence. The study sought to compare
and contrast how each patient is observed by cluster memberships in each zone, as shown in
table 2.

.

Table 2: Cluster Membership in its Respective Zone

The study demonstrates that the clusters might vary depending on the types of disease
occurrences they experience. In a particular region, the clusters are stated as follows.

Arusha Region: The study showed three clusters in which UTIs and diarrhoea occur
independently and form separate clusters, whereas malaria and influenza occur near to one
another to form their own cluster. The dendrogram for the Arusha region is depicted in Figure 7,
where the first cluster contained 24 observations of UTIs, the second cluster contained 49
observations each of malaria and influenza and only 1 observation of diarrhoea, and the third
cluster contained 23 observations of diarrhoea.

Table 1: Cluster Membership in its Respective Zone
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The study demonstrates that the clusters might vary depending on 
the types of disease occurrences they experience. In a particular 
region, the clusters are stated as follows.

4.2. Arusha Region
The study showed three clusters in which UTIs and diarrhoea occur 
independently and form separate clusters, whereas malaria and 

influenza occur near to one another to form their own cluster. The 
dendrogram for the Arusha region is depicted in Figure 7, where 
the first cluster contained 24 observations of UTIs, the second 
cluster contained 49 observations each of malaria and influenza 
and only 1 observation of diarrhoea, and the third cluster contained 
23 observations of diarrhoea.
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Figure 7: Cluster Dendrogram in Arusha

Dar es Salaam Region: According to the study’s dendrogram in Figure 8, UTIs and influenza
are located in the third and second clusters, respectively, whereas malaria and diarrhoea are
located in the first cluster, suggesting that they had similar occurrences. The research shows that
there were 48 observations in the first cluster but only 24 in each of the other clusters.

Figure 7: Cluster Dendrogram in Arusha

4.3. Dar es Salaam Region
According to the study’s dendrogram in Figure 8, UTIs and 
influenza are located in the third and second clusters, respectively, 
whereas malaria and diarrhoea are located in the first cluster, 

suggesting that they had similar occurrences. The research shows 
that there were 48 observations in the first cluster but only 24 in 
each of the other clusters.
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Figure 8: Cluster Dendrogram in Dar es Salaam.

Dodoma Region: The third cluster, which had 24 observations, is dominated by UTIs, while the
second cluster, which had 65 observations, is made up of 24 observations of influenza, 19
observations from malaria, and 22 observations from diarrhoea; and the first cluster, which had
seven observations, has two observations each from diarrhoea and five from malaria.

Figure 9: Cluster Dendrogram in Dodoma.

Mbeya Region: The first cluster had 60 observations, of which 24 are related to diarrhoea, 24
are related to influenza, and 12 are related to malaria. According to Figure 4.23, the second
cluster comprised 21 observations from UTIs, while the third cluster contained 15 observations,
3 of which were UTIs and 12 of malaria.

Figure 8: Cluster Dendrogram in Dar es Salaam.
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4.4. Dodoma Region
The third cluster, which had 24 observations, is dominated by 
UTIs, while the second cluster, which had 65 observations, is made 
up of 24 observations of influenza, 19 observations from malaria, 

and 22 observations from diarrhoea; and the first cluster, which 
had seven observations, has two observations each from diarrhoea 
and five from malaria.
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Figure 10: Cluster Dendrogram in Mbeya.

Mtwara Region: There are 34 observations of malaria and UTIs in the first cluster, of which 10
and 24 observations are related to each. There are also 48 observations in the second cluster, with
24 observations each of influenza and diarrhoea, and there are 14 observations of malaria in the
third cluster. This is illustrated in Figure 11.
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Mwanza Region: According to the findings, the third cluster included 24 observations related to
UTIs; the first cluster had 48 observations, of which 24 observations related to influenza and
diarrhoea, respectively; and the second cluster contained 24 observations mostly related to
malaria. This is revealed in Figure 12.

Figure 9: Cluster Dendrogram in Dodoma.

4.5. Mbeya Region
The first cluster had 60 observations, of which 24 are related 
to diarrhoea, 24 are related to influenza, and 12 are related to 

malaria. According to Figure 4.23, the second cluster comprised 
21 observations from UTIs, while the third cluster contained 15 
observations, 3 of which were UTIs and 12 of malaria.
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Mwanza Region: According to the findings, the third cluster included 24 observations related to
UTIs; the first cluster had 48 observations, of which 24 observations related to influenza and
diarrhoea, respectively; and the second cluster contained 24 observations mostly related to
malaria. This is revealed in Figure 12.

Figure 10: Cluster Dendrogram in Mbeya.

4.6. Mtwara Region
There are 34 observations of malaria and UTIs in the first cluster, 
of which 10 and 24 observations are related to each. There are also 

48 observations in the second cluster, with 24 observations each of 
influenza and diarrhoea, and there are 14 observations of malaria 
in the third cluster. This is illustrated in Figure 11.
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Figure 12: Cluster Dendrogram in Mwanza.

3.2.2 Silhouette

The study establishes the average silhouette approach for assessing the level of clustering. It
decides the degree to which each observation fits within it’s cluster. The study illustrated the
average silhouette cluster is a powerful indicator in cluster analysis. The red dot in the
illustration represents the average silhouette for each location. Additionally, the findings show
each covariate is affected by groups. Therefore, the study proves that in Arusha, the first group is
well clustered. In Dar es Salaam, it is also demonstrated that the first group is well clustered. In
Dodoma, both of the three groups are well clustered. In addition, clusters two and three in Mbeya
are well clustered. As shown in the figures, Mtwara and Mwanza are also well grouped into
clusters 1 and 2, respectively.
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4.7. Mwanza Region
 According to the findings, the third cluster included 24 observations 
related to UTIs; the first cluster had 48 observations, of which 24 

observations related to influenza and diarrhoea, respectively; and 
the second cluster contained 24 observations mostly related to 
malaria. This is revealed in Figure 12.
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Mwanza Region: According to the findings, the third cluster included 24 observations related to
UTIs; the first cluster had 48 observations, of which 24 observations related to influenza and
diarrhoea, respectively; and the second cluster contained 24 observations mostly related to
malaria. This is revealed in Figure 12.

Figure 12: Cluster Dendrogram in Mwanza.

5. Silhouette
The study establishes the average silhouette approach for assessing 
the level of clustering. It decides the degree to which each 
observation fits within it’s cluster. The study illustrated the average 
silhouette cluster is a powerful indicator in cluster analysis. The 
red dot in the illustration represents the average silhouette for each 
location. Additionally, the findings show each covariate is affected 

by groups. Therefore, the study proves that in Arusha, the first 
group is well clustered. In Dar es Salaam, it is also demonstrated 
that the first group is well clustered. In Dodoma, both of the three 
groups are well clustered. In addition, clusters two and three in 
Mbeya are well clustered. As shown in the figures, Mtwara and 
Mwanza are also well grouped into clusters 1 and 2, respectively.
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Figure 13: Silhouette of six regions

3.3 Summary and Discussions

The study is summarized by showing the occurrences of variables in high, moderate, and low
categories. The study displayed that due to variation in environmental conditions, the variable
category differs from one zone to another.

Table 3. Summary of variables by disease risk in respective region

Regional zone High Moderate low

Arusha D A, C B

Dar es Salaam B D, A C

Dodoma B C, D A

Mbeya D B A, C

Mtwara D B C, A

Mwanza A D,B C

Figure 13: Silhouette of six regions

6. Summary and Discussions
The study is summarized by showing the occurrences of variables 
in high, moderate, and low categories. The study displayed that 

due to variation in environmental conditions, the variable category 
differs from one zone to another.

Regional zone High Moderate low
Arusha D A, C B
Dar es Salaam B D, A C
Dodoma B C, D A
Mbeya D B A, C
Mtwara D B C, A
Mwanza A D,B C

Table 2: Summary of variables by disease risk in respective region

Most of the researchers relied on a univariate approach or, they used 
linear discriminant analysis as a method based on a single disease 
for drawing conclusions about the prevalence and incidence rate 
[20,21]. This study employs multiple diseases using multivariate 
techniques: discriminant analysis for classifying and recognizing 
disease groups with high risks. Furthermore, this will help 
stakeholders in the utilization and allocation of scarce resources 
in the researched regions. The result given the age group is the 
following risk arrangement: Those who are at high risk are elders 
found in the Arusha, Mbeya, and Mtwara regions. Childhood is 
more risky, in the Dar es Salaam and Dodoma regions, and infants 
are riskier in the Mwanza region. In addition, at moderate risk, 
infants are found in the regions of Arusha and Dar es Salaam; elders 

are found in the Dar es Salaam, Dodoma, and Mwanza regions; and 
childhood is found in the Mbeya, Mtwara, and Mwanza regions. 
Also, adolescents found in Arusha and Dodoma are thought to be 
at moderate risk. Elders were discovered in Dodoma, Mbeya, and 
Mtwara, as well as adolescents in Dar es Salaam, Mtwara, and 
Mwanza at low risk and childhood in Arusha is at low-risk.

7. Conclusion
The study concluded the risk recognition at distinct ages is as 
follows: the elderly are at more risk in the northern, southern 
highland, and southern zones. Risk is encountered for childhood 
in the coastal and central areas and infants in the lake zone. In 
addition, the study advised the government and stakeholders on 
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health system control to make public education plans and assign 
sufficient resources to prevent calamities. The lakes and northern 
zones need to have hygiene education and awareness as a strategy 
for preventing diarrhoea. More resources and strategies for 
combating malaria should be concentrated in the southern region, 
and public education about the disease should be intensified. 
Overall, there is a need for greater resources to be allocated across 
the Tanzania mainland to combat UTI, which has manifested 
and predominated throughout zones, as well as extensive public 
education [22,23].
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