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Abstract: 
Nigeria has a high percentage of burden of both typhoid fever and malaria, with climate change and 
population dynamics potentially influencing disease co-infection patterns. Emerging evidence suggest 
that climatic change may have influence in the coinfection dynamics of these diseases. However, a 
comprehensive epidemiological data on the pattern of coinfection is limited and this invariably affects 
the evidence-based interventions, the objective of this study is to develop and validate a predictive model 
that can serve as a framework for the coinfection of malaria and typhoid patterns in Nigeria using the 
effect of climate change, demographic factors and clinical presentations as contributing variables. An 
epidemiological informed datasets was generated synthetically using (n=10,000 cases) incorporating a 
probability distribution prevalence of the disease that were derived from literature on the disease 
prevalence, symptoms, demographic characteristics across the states in Nigeria. A random forest model 
classification algorithm was implemented in R programming language environment with the 
performance metrics evaluated and cross-validated correlation analysis and t-test was also examined to 
get the relationships between the predictors and the coinfection status. 
The random forest predictive model achieved an accuracy of 94.47, Typhoid test result showed the 
strongest positive correlation with a co-infection rate of r = 0.533, followed by malaria test results with 
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a co-infection rate of r = 0.361. Temperature as a climatic predictor showed a weak positive correlation 
of r = 0.040.The analyzed states showed that Borno, Gombe, and Osun have the highest co-infection 
rates of 65.8%, 65.6%, and 65.5% respectively, this study has developed a framework that serves as a 
proof-of-concept for the prediction of typhoid-malaria coinfection using machine learning, with 
diagnostic testing selected as the most reliable predictor,  it can be concluded that the validation of the 
model should be done with clinical data. 
 
Keywords: Typhoid fever, Malaria, Coinfection, Predictive modeling, Climate change. 
 
 
INTRODUCTION 
Malaria and typhoid pose a significant challenge to the public health field, with the two 
diseases representing global infectious diseases, annually malaria as a disease has an 
estimated acute cases of over 300 million deaths worldwide, with a larger percentage of 
morbidity and mortality in African countries particularly among young children. 
 
Malaria stems from the plasmodium parasites that are transmitted by bites from infected 
female anopheles(WHO, 2020), Typhoid fever follows almost the same trend with malaria that 
causes over a million deaths globally yearly, majorly caused by lack of proper sanitation and 
access to clean water, typhoid fever is caused salmonella typhi, majorly contracted by 
consumption of contaminated food and water(WHO, 2024), a notable challenge in the 
management of this disease is in the disease diagnosis as both diseases presents a common 
symptomatic characteristics, thereby challenging for health care practitioners to effectively 
distinguish between them, there is need to understand the disease dynamics in terms of the 
coinfection which many studies often neglect due to insufficient dataset, as typhoid fever is 
globally afflicting between 11 to 21 million individuals annually(Crump & Mintz, 2010), major 
research in this regard have largely had a focal point on the rural context, leaving a crucial 
knowledge gap in the urban areas(Rufai et al., 2023), hence the incorporation of spatial 
distribution of their coexistence in this study. 
 
In response to this critical needs, two distinct year complementary study efforts contribute to 
enhancing the diseases dynamics and diagnoses (Simon-Oke & Akinbote, 2020)by bridging 
the knowledge gap between the prevalence of malaria and typhoid and their coinfection 
targeted to all sates in Nigeria. 
 
Several methods have been used to solve this based on literatures (Olowolafe et al., 2024) used 
Support Vector machine to build a symptom-based system to improve the diagnostics 
accuracy for the diseases coinfection, in the study by (Attai et al., 2024), the authors developed 
a diagnostic model that provides precise diagnoses for malaria and typhoid using Explainable 
AI(XAI) and Large Language Models. 
 
The use of simulate datasets to generate synthetic data that gives real-world scenario is a very 
useful approach to performing experiments and assessing model performance, the dataset is 
produced based on the specified traits and disease transmission, dynamics, demographic, 
climatic and human population, as seen in real world data based on literature, before models 
are deployed into the real world, synthetic data are used to test their performances, therefore 
in this research, a predictive spatial and demographic symptoms -based model for malaria 
and typhoid coinfection using random forest is simulated to improve the understanding of 
the diseases dynamics and improve the classification accuracy of malaria and typhoid 
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coinfection, the model aims to offer a spatial computer-based, benchmark or framework that 
can be tested with real life data, this study will also bridge the knowledge gap. 
  
The major challenge in low- and middle-income countries is the accessibility to surveillance 
data that can capture malaria and typhoid dataset and the integration of climate, demographic 
information, this makes it difficult to develop a predictive model that can help stakeholders 
make inform decisions and proffer early warning signs. 
 
MATERIALS AND METHODS 
 
Study Design  
The study is based on computational modelling that uses synthetic data generated through 
probabilistic simulation, the data used for this study do not involve a primary dataset as the 
datasets has no patient information, thereby synthetic data generated transparency and 
guidelines were adhered to. 
 
Study Area 
In sub-Saharan Africa Region, Nigeria is the largest country with an estimated landmass of 
over 923,778-kilometer square, Nigeria is located in the north of the Equator and east of the 
Greenwich Meridian (Akpan et al., 2019),  
 
Synthetic Data 
Synthetic data creates artificial records that mimics the statistical properties of real-world 
data, the simulation of the synthetic datasets relies on rule-based simulation of the symptoms 
that is dependent on the disease label, and the use of generative models for tabular data , these 
methods are very useful in cases where we have co-infection like the one in this 
study(Goncalves et al., 2020) evaluated a probabilistic, classification based and generative 
adverbial models for finding the probabilistic models for the categorical variables like 
symptoms, the method that was also adapted for the generation of the synthetic data from the 
studies done by (Mendes et al., 2025) gave a comprehensive use in the infectious diseases 
research, to mimic symptoms while maintaining statistical inferences. 
 
Based on the features generated by the synthetic data, age, is sampled from the distribution 
which reflects the population demographic features where under 5 are highly vulnerable to 
malaria, in the dataset, the range of ages spans from 5 to 79 years which suggests a uniform 
distribution based on real surveys. 
 
The residence , gives a binary distribution, 0 for rural and 1 for urban, the model was sampled 
to have a higher prevalence in rural settings due to poor hygiene and proper sanitation and 
more exposure to the vectors, the scientific justification for this was from the study by, 
(Nakisuyi et al., 2023),Which found rural residence with a co-infection rate of over 2.8%, the 
rate of typhoid infection can also be linked to contamination of water BMC Infectious Diseases 
(2021), which report age-specific prevalence. 
 
The use of synthetic data as a methodological bridge is to address the problem of data gap 
with the use of epistemological-inspired synthetic approach while still maintaining the ethical 
standard and protects patients privacy, the use of synthetic data has gained ground in its 
approach to modelling healthcare research by protecting the privacy of patients, the 
integration of heterogeneous sources of data that can not be derived from a single dataset, 
development of model that can be tested with original clinical data and foster reproducible 
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research by shared datasets, this therefore should be noted as an hypothesis testing that 
requires validation with real-world data for implementation. 
 
This study aims to develop a machine learning based predictive model using random forest 
algorithm to model the coinfection for  typhoid malaria using synthetic dataset that were 
parameterized from published epidemiological studies, model the influence of climatic 
variables, demographics and clinical symptoms for the prediction of the coinfection of both 
diseases, the study also gave a geographical mapping of the heterogeneity of the coinfection 
risk across the states in Nigeria, and lastly to have an established framework as a methodology 
upon which clinical data can be validated. 
 
Synthetic Data Generation Algorithm 
The datasets was simulated in R programming Language environment, using an n=10, 000 
samples using a probabilistic framework, the following are the step by step approach to the 
simulation, identification of demographic variables :age, residential area and state, the age 
variable is sampled based on a realist demographic distribution having a uniform distribution 
between ages 5-79 years with a probability weighing for vulnerability among children(Snow 
et al., 2017), the residential area was classified as binary, 0 for rural and 1 for urban as shown 
in (Nakisuyi et al., 2023) and the state gives a categorical values that represents the 36 states 
plus FCT in Nigeria, the climatic dataset simulated was based on WorldClim 2.0 at 1km 
resolution for each geographical centroid, the temperature and precipitation(bio1 and bio2) 
were linked to the records. 
 
Generation of Disease Status 
Conditional probability distribution was used to generate the disease labels, this approach 
was informed by published data on prevalence, 
For the malaria probability: 

P(Malaria=1)=γo+ γ1(age<5)+ γ2(rural)+ γ3(temperature) 

Where γ=coefficient derived from meta-analysis across Nigerian states based on studies  
 For typhoid probability: 

P(Typhoid=1)= ρ0+ ρ1(rural)+ ρ2(pooraccesstoqualitywater
) 

Coinfection Rate of Malaria and Typhoid 
if Malaria=1 | Typhoid=1. 

Apply coinfection rate constraints (2.8% for rural and 1.0% for urban) (Snow et al., 2017) 
 
Simulation of the Diagnostic Test 
To get a reflection of the real-world diagnosis, Bernoulli distribution was used to generate a 
false positive/negative results based on the malaria rapid test and the typhoid widal tests 
respectively, symptoms were also generated based on the Bernoulli distribution on disease 
status Probabilities were derived from systematic review by (Rufai et al., 2023; Simon-Oke & 
Akinbote, 2020) as shown in table 1: 
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Table 1: Derived Probabilities based on Systemic Review by (Rufai et al., 2023; Simon-Oke & 
Akinbote, 2020). 

Symptom P (Symptom | Malaria 
Only) 

P (Symptom | Typhoid 
Only) 

P (Symptom | Malaria & 
Typhoid) 

Fever 0.95 0.98 0.99 

Headache 0.80 0.75 0.90 

Fatigue 0.70 0.65 0.85 

Joint Pain 0.60 0.40 0.75 

Chills/Sweats 0.85 0.30 0.70 

Abdominal Pain 0.20 0.90 0.65 

Diarrhea 0.15 0.70 0.50 

 
Random Forest Modelling 
 Random Forest Model was selected as the machine learning algorithm for this study due to 
its ability to handle non-linear relationship, gives an interpretable metrics for feature 
importance and gives minimal hyperparameter tuning, the model was implemented in R 
programming Language with randomForest package v4.7-1.1, the model was configured 
using 500 tress, and a minimum node size of 5, the data were splitted into training (70%) and 
testing (30%) datasets, and a stratified sampling was done to preserve the coinfection rate. 
Model training and validation was performed on the training set to optimize the 
hyperparameter using a 10-fold cross-validation, the model was trained on 90% training data 
and 10% was used for the validation. 
 
Random Forest was trained on the synthetic datasets of N records, where each record includes 
age (5-79 years), residence (0=rural, 1=urban), and binary symptoms (e.g., fever, chills, 
diarrhea). The model predicts malaria (Mi) and typhoid (Ti) labels, capturing complex 
relationships between features and outcomes. The algorithm’s ability to handle non-linear 
interactions and categorical variables (e.g., binary symptoms) aligns with the dataset’s 
structure, as noted in similar infectious disease studies Feature importance analysis revealed 
that residence and shared symptoms (e.g., fever, headache) were strong predictors, consistent 
with higher co-infection rates in rural areas. The random forest final model was trained on the 
entire training set and evaluated on the test set. 
 
Statistical analysis of the model using the Pearson correlation analyses calculated between the 
continuous variables and the binary coinfection status, the Spearman rank correlation was 
used for the ordinal predictors with a significant threshold of 0.05 and Bonferroni correlation 
for multiple comparisons. 
  
Model Algorithm for malaria-typhoid co-infection synthetic dataset generation 
function generate_synthetic_dataset(N): 
    dataset = empty list of records  // Each record: {age, residence, malaria_label, 
typhoid_label, symptoms_dict} 
    for i from 1 to N: 
        // Step 1: Sample age from demographic distribution (uniform 5-79, skewed for 
vulnerability <5 if applicable) 
        age = sample_uniform(5, 79)  // Or use literature-based dist (e.g., higher prob for young 
from surveys) 
        // Step 2: Sample residence (binary, biased to rural for higher co-infection risk) 
        residence_prob_rural = 0.7  // Derived from (Nakisuyi et al., 2023), e.g., >2.8% co-
infection in rural due to hygiene/vectors 
        residence = 0 if random() < residence_prob_rural else 1  // 0=rural, 1=urban 
        // Step 3: Sample disease labels (malaria and typhoid), considering co-infection 
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        // Base probs from literature (Nakisuyi et al., 2023) 
        malaria_base_prob = get_malaria_prob(age, residence)  // Higher in rural, young 
        typhoid_base_prob = get_typhoid_prob(age, residence)  // Linked to water 
contamination 
        co_infection_adjust = 0.028 if residence == 0 else 0.01  // From (Nakisuyi et al., 2023) 
        malaria_label = 1 if random() < malaria_base_prob else 0 
        typhoid_label = 1 if random() < typhoid_base_prob else  
        // Adjust for co-infection scenarios (probabilistic overlap) 
        if malaria_label == 1 and typhoid_label == 1: 
            // Ensure co-infection rate aligns with studies 
            pass  // Or resample if needed 
        // Step 4: Add test noise for realism (simulate inaccuracies in RDT/Widal tests) 
        noise_prob = 0.1  // Low accuracy as per text 
        if random() < noise_prob: 
            malaria_label = flip(malaria_label)  // Introduce false positive/negative 
        if random() < noise_prob: 
            typhoid_label = flip(typhoid_label) 
        // Step 5: Simulate symptoms based on disease labels (rule-based + Bernoulli) 
        // Use generative models (e.g., probabilistic from (Goncalves et al., 2020), GANs from 
(Mendes et al., 2025)) for categorical vars 
        symptoms = {}  // Dict of binary symptoms 
        shared_symptoms = ['fever', 'headache', 'fatigue']  // High prob if either disease 
        malaria_specific = ['chills_sweats', 'muscle_pain'] 
        typhoid_specific = ['abdominal_pain', 'diarrhea'] 
        for rf in shared_symptoms: 
            prob = get_shared_prob(malaria_label, typhoid_label)  // E.g., 0.9 if any disease, per 
(Lawal et al., 2025) 
            symptoms[rf] = 1 if random() < prob else 0 
        for rf in malaria_specific: 
            prob = get_malaria_sym_prob(malaria_label)  // 0 if no malaria 
            symptoms[rf] = 1 if random() < prob else 0 
        for rf in typhoid_specific: 
            prob = get_typhoid_sym_prob(typhoid_label)  // 0 if no typhoid 
            symptoms[rf] = 1 if random() < prob else 0 
        // Step 6: Add record to dataset 
        record = {age: age, residence: residence, climate: temperature,malaria: malaria_label, 
typhoid: typhoid_label, symptoms: symptoms} 
        append record to dataset 
    return dataset 
// Helper functions (probabilities from clinical literature) 
function get_malaria_prob(age, residence):  // Example: higher for rural, young 
    return 0.5 if residence == 0 and age < 5 else 0.2 
function get_typhoid_prob(age, residence):  // Similar logic 
    return 0.4 if residence == 0 else 0.1 
function get_shared_prob(malaria, typhoid): 
    return 0.9 if malaria or typhoid else 0.1  // Background prob 
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RESULTS 
 The synthetic dataset comprises of 10,000 records with a balanced representation throughout 
the states and other demographic factors.  
  
As shown in Figure 1, the population and temperature based on the disease co-existence, the 
chart shows the relationship between human population density and the annual mean 
temperature, with the blue colored indicating non co existence and red signifies co-existence, 
it gives a suggestion that temperature and human population alone may likely not give a 
strong co-existence between the two diseases but a combination of the two might have an 
influence in the disease c-existence. Figure 2 shows a box chart of the precipitation against the 
disease co existence, which suggests that having a higher precipitation could be associated 
with the co-existence, figure 3 shows that when there is a higher temperature might factor the 
co-existence of the two diseases, there is a cluster around a population density of more than 
4000, and a rise of no co-existence in the range of 5000, which indicates that co-existence occurs 
where the population density might not be a primary factor for the disease co-existence as 
shown in Figure 4, 

 
Figure 1: Disease co=existence by population density               Figure 2: temperature vs disease co-existence 

 
Figure 3: precipitation vs disease co-existence                            Figure 4: population vs disease co-existence 

 
The variable importance plot shown in Figure 5, showed that fatigue, joint pain and muscle 
pain are the top contributing factors for the random forest model accuracy for predicting the 
co-existence of typhoid and malaria, with fatigue having the highest contribution, it can also 
be deduced from the figure that climatic factor like the precipitation and human population 
density together with the symptoms play significant roles in the prediction of the random 
forest model. 
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Figure 6, gives bar chart and the correlation matrix that shows the relationships between the 
predictors, a strong positive correlation exists between the co-existence and malaria test an 
typhoid test, while a negative correlation are observed with the age and chills symptoms 
 
Figure 7 shows the climatic variables based on population density and the  disease co -
existence as a scatter plot, the red color appears in all the population densities, giving 
tendencies of a slight increase in temperature and precipitation from medium to high density 
populated areas, this suggest that climatic predictors do not directly determine the disease co-
existence. A further dive into the disease co-existence dynamics is the correlation plot of the 
disease co-existence of the predictors, the two tests that is the typhoid and malaria tests have 
the strongest positive correlations followed by age and chills and sweat symptoms, this 
further reinforces that getting a result from typhoid and malaria test are strong indicators, and 
demographic variables (age) and some symptoms have weaker relationships in the disease 
co-existence.  
 

 
Figure 5: Variable importance for disease co-existence            Figure 6: Top Predictors of Disease Co-existence 

 
 
 

 
Figure 7: climate variables by population density and disease co-existence 

 
The Symptom Correlation Heatmap shown in Figure 8 shows a  strong correlations among 
the symptoms, having a relatively perfect positive correlations of 1, that can be  observed 
between the symptoms of fever and headache, fatigue and joint pain, chills sweats and 
abdominal pain, and joint pain and abdominal pain. These relationships among the symptoms 
gives an insight that these symptom pairs frequently can co-occur, thereby, serving as a 
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potential key indicator for identification of the co-existence patterns in the two diseases. Other 
correlations, between joint_pain and chills_sweats of 0.18 and  abdominal_pain and fever of 
0.07, show weaker correlation but still notable, gives an indication of the complex interplay of 
the symptoms of malaria and typhoid. Age Distribution by Disease Co-existence as an 
histogram shown in Figure 9 explains how age as a demographic predictor relates to the 
disease  co-existence. majority of the disease cases, whether with no co-existence represented 
in blue color  or co-existence represented with a red cooler, are distributed across a wide age 
range, with a peak noticeable  around ages  40 to 50 years for no co-existence(blue) and a 
sporadic occurrences shown in the  co-existence, mostly  around the  age gap between 20 to 
30 years  and 50 to 60 age groups. This indications gives a suggestion  that while co-existence 
may occur across all age groups, it is can be less frequent and may be more prevalent in certain 
age brackets. 
 
The "Disease Co-existence Rate, as shown in Figure 10, as an heatmap gives an highlights  of 
the co-existence rates  of the diseases across the  combinations of  the climatic 
predictor(temperature) and human population density categories. The co-existence rate of 
8.5% rated to be the highest was observed when there is a medium temperature and medium 
population density categories, which can give an indication for  a potential spot for the disease 
co-existence. Also observed, is a lower rates that ranges from 3.1% to 6.6%  are observed in 
other combinations, and the lowest rate of 3.1% where there is a cool temperature and low 
population density category. This can give an indication that where there is a  moderate 
climate and population conditions can encourage higher co-existence of the disease rates. 
Symptom Severity by Disease Co-existence box plot shown in Figure 11 and Table 1 gives a 
comparison of the  total symptom scores between where there is no co-existence as indicated 
in blue and co-existence as indicated in red. The chart of the co-existence group shows  a 
higher  symptom in the median score in terms of the  severity and has a wider inter-quartile 
range, that has  more data points  extending to a higher severity scores. This indicates that co-
existence is more likely associated with having more severe symptom presentations compared 
to cases with no co-existence. 
 
A Symptom Prevalence by Disease Co-existence bar chart was also used to compare the  
prevalence rates of  the various symptoms exhibited between the two diseases. The Symptoms 
like fever, headache, fatigue, joint pain, chills_sweats, and abdominal_pain as shown in figure 
12 shows a  high prevalence rates, that ranges from 63.5% to 73.0% where there is no co-
existence and 65.0% to 74.1% for co-existence. Additionally, the  co-existence rates consistently 
shows a slightly higher prevalence rates, with abdominal_pain reaching up to  74.1% and 
chills_sweats at 72.7%, which gives a suggestion that these symptoms may be more 
pronounced where we have co-existence of the two diseases as Table 2 gives the correlation 
analysis summary. 
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Figure 8: Symptoms Correlation Heatmap                               Figure 9:Age Distribution by Disease Co-Existence 

 
 
 
 

 
Figure 10: Disease Co-existence Rate of Temperature         Figure 11:symptom severity by disease co-existenc 
and Human Population Interaction,                                        
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Table 2: Correlation Analysis Summary 
*P<0.05; **p<0.001(Bonferroni-corrected) 
 

Category Variable 
Correlation 
(r) 

Strength 
Interpretation 

Diagnostic 
Tests 

Typhoid test 0.533 Strong positive Strong predictor of co-infection 

Diagnostic 
Tests 

Malaria test 0.361 
Moderate 
positive 

Moderate predictor of co-infection 

Symptoms Joint pain 0.063 Weak positive Slight association with co-infection 

Symptoms Chills/sweats -0.045 Weak negative Slight inverse association 

Symptoms Fatigue -0.045 Weak negative Slight inverse association 

Environmental 
Bio1 
(temperature) 

0.040 Weak positive 
Warmer temperatures may favor co-
existence 

Demographics Age -0.036 Weak negative Younger populations more susceptible 

 

 
Figure 12: symptom prevalence by disease co-existence                Figure 13: Disease Co-existence Rate Vs Temperature 

 
The temperature analysis shown in Figure 13 explains the relationship between the disease 
co-existence rates as a u-shape relationship, with the optimal temperature ranges from 20 to 
25 and the co-existence rates are at 0.05 at the lowest co-infection rates, an upward trend in 
the rates was noticeable with a drastic increase in temperature at 35, this gives an insight that 
a warmer temperature significantly elevates the likelihood of the co-existence of the diseases. 
The random forest machine learning model achieved an accuracy of 94.5%. 
 
Spatial Analysis of Malaria and Typhoid Co-infection 
The spatial analysis of malaria-typhoid co-infection was also examined to get the risk of co-
infection  across the states in Nigeria, it  reveals the significant geographic and climatic 
patterns that can help  inform public health intervention strategies. 
The model predictive risk map shown in Figure 15 explains a  substantial variation in co-
infection rates across Nigerian states, ranging from approximately 40% to 80%. The highest 
prone areas appear to be more concentrated in the northern part of the country, and an 
elevated risk in some southern coastal regions of the country. Temperature as major climatic 
variable, emerges as an important driver, where the  regions with the hottest temperature 
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experience the most severe co-infection. State-level analysis of the co-infection shown  
identified three states,  Borno, Gombe, and Osun as the highest states at risk of the co-infection 
of the diseases, with each of the states exceeding 65% of the co-infection probability. 
 
The temperature-co-infection correlation analysis as shown in Figure 16 gives a confirmation 
of  a positive linear relationship, with an increase in the co-infection rates  steadily from 64% 
at 26°C to over 65.5% at 28°C. Population density patterns shown in Figure 17 have a  
considerably variation  across states, and  high-density areas like Lagos show slight risk levels, 
giving a strong indication that demographic factors can  interact  with climate variables. 
change could further exacerbate co-infection risks, making temperature-sensitive prevention 
measures crucial for effective disease control. 
 

 
Figure 15: Predicted Malaria-Typhoid Co-infection Risk across Nigeria, Figure 16: Temperature Distribution 
Across Nigeria, Figure 17:Population Density Distribution 
Figure 18 explains the comprehensive analysis that shows the critical patterns in co-infection risks of malaria-
typhoid across Nigerian states, highlighting the complex interplay between climate, population density, and 
disease transmission. 

 
The northern states of Borno, Gombe, and Osun emerge as the highest-risk areas as shown in 
Figure 19 and 20, with co-infection rates exceeding approximately 65%. These three states are 
characterized with an average temperatures of 27 to 28°C with having  population density 
patterns that create optimum conditions for the diseases transmission.  
 
The interaction between population density and co-infection risk is more sophisticated as 
shown in Figure 20. It shows both low population density and high population density can 
raise the risk for different reasons. Areas with low population density, such as Borno, often 
have inadequate primary healthcare systems. On the contrary, densely populated areas like 
Gombe tend to have issues of overcrowding and poor sanitation. 
 
The correlation identifies typhoid testing as the best predictor of co-infection, with a 
correlation of 0.533, in figure 21 and 22, followed by malaria testing, which has a correlation 
of 0.361. This suggests the lack of adequate diagnostic tools has a direct effect on a country’s 
perceived disease burden. It’s surprising as well as interesting that out of the clinical 
symptoms of co-infection, joint pain, temperature, and pain have weaker correlations while 
age, fatigue and the presence of chills/sweats have negative correlations. 
 
Risk assessment in multi-dimensional space has identified states such as Gombe as facing a 
unique set of circumstance, shown in figure 23 the highest rates of co-infection, a very high 
population density and high temperatures. In contrast, states such as Ondo have 
geographically disparate risk, as shown in Figure 24 some areas have very high standardized 
risk scores even though the state average is moderately low. Perhaps most concerning is the 
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geographic distribution of high-risk administrative areas, with Osun having 30 out of 30 areas 
classified as high-risk, followed by significant proportions in Ondo, Niger, Lagos, and 
Kaduna. This suggests that malaria-typhoid co-infection is not just a localized problem but 
represents a widespread public health challenge requiring coordinated intervention strategies 
that address both climatic factors and population-specific vulnerabilities(Lawal et al., 2025). 
 

 
Figure 18:Top Nigerian States by Malaria-Typhoid           Figure 19:Temperature vs coinfection Raish Across  
Coinfection Risk,                                                                      Nigerian States 
 
 

 
Figure 20:Population Density vs Coinfection Rate,                  Figure 21:Mutlidimensional Risk Assessment Dashboard 
 

 
Figure 22:Correlation Strength with Malaria-,                    Figure 23: Top High-Risk States 
Typhoid Coinfection 
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Figure 24: Percentage of High-Risk Administrative Areas by State 

 
DISCUSSION 
The use of synthetic data that was generated for malaria and typhoid coinfection as used in 
this study has effectively been able to replicate real-world statistical properties, each attributes 
of the datasets comprising the age, malaria and typhoid labels, symptoms among others was 
sampled using probabilistic distribution that were informed from clinical literature the 
inclusion of test noise and symptoms enables researches to model challenges in the disease 
diagnostics and shared clinical presentations(Crump et al., 2015), the key findings as noted in 
a survey done by (Snow et al., 2017) reflects that younger ages have higher vulnerability to 
malaria disease, malaria and typhoid dominant in 70% probability in rural communities 
where we have at least 2.8% due to poor sanitation and hygiene[15]. The use of machine 
learning models for effective predictive modeling generate a high accuracy that facilitates 
further research of the application of machine learning algorithm on infectious diseases 
without compromising patients privacy (Ahmed et al., 2025). Future work can be done by the 
integration of real clinical datasets to validate the model and explore optimized machine 
learning techniques for dynamic coinfection modeling. 
 
In summary, random forest achieved 94.47% accuracy in classification of the coinfection 
prediction, the diagnostic test shows the strongest predictor iterating the importance of 
laboratory test of the diseases, as in the aspect of the geographical space, it was observed that 
Borno and Gombe in the northern part of the country and Osun, southwestern part of the 
country showed the highest risk. 
 
CONCLUSION 
The study has developed and validated a random forest model for the coinfection of typhoid 
and malaria using epidemiological-informed synthetic data, the model achieved an accuracy 
of 94.47%, showing that diagnostic test results as the strongest contributing predictor, flowed 
by symptoms and climate change, change in temperature demonstrate d a non-linear 
relationship with the coinfection risk as temperature increases, it can be inferred that machine 
learning model is a great tool of the prediction of coinfection patterns in diseases but 
validation of real clinical datasets is required, climate change plays a significant roles as the 
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primary drivers for the change in coinfection patterns, targeted intervention should be 
prioritized to states like Gombe, Borno ad Osun state. This study has been to give a 
methodological framework that generate hypothesis for clinical studies. 
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