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ABSTRACT 

Background: Toxoplasma gondii infection poses a significant health risk, 

particularly among occupationally exposed populations. Early detection and risk 

prediction are crucial for effective public health interventions. 

Objective: This study aims to develop a machine learning-driven approach to 

predict and evaluate the risk of Toxoplasma gondii infection among 

occupationally exposed employees in Lahore, Pakistan. 

Methods: A total of 120 participants, including 60 sewage workers, 30 

gardeners, and 30 construction workers, were assessed using biological assays 

(ELISA and PCR) alongside socio-demographic information, including age, 

education, hygiene practices, and pet ownership. Three supervised learning 

algorithms, Logistic Regression, Decision Tree, and Random Forest were 

applied to model infection risk. Model performance was evaluated using 

accuracy, precision, recall, F1-score, and ROC-AUC. Analysis of feature 

importance identified the key predictors of infection 

Results: The Random Forest classifier outperformed other models, achieving 
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92% accuracy and an AUC of 0.90. The analysis revealed that cat ownership cat 

ownership, poor hygiene, and low educational level were the strongest predictors 

of infection risk. 

Conclusion: Integrating machine learning with traditional serological assays 

provides a reliable, data-driven framework for early detection and risk 

stratification of Toxoplasma gondii infection. This approach can inform targeted 

public health interventions for high-risk occupational groups. 

Keywords: Toxoplasma gondii, Seroprevalence, Machine Learning, 

Occupational Health, AI Epidemiology, Risk Prediction, MATLAB 

1. INTRODUCTION 

Machine learning (ML) has emerged as an essential part of current 

epidemiological research [1], providing methods for modeling complex, 

nonlinear interactions between biological outcomes and socio-environmental [2] 

variables. Unlike traditional statistical methods, which frequently rely upon 

linearity or independence, machine learning algorithms are capable of detecting 

hidden patterns [3], improve prediction accuracy, and manage multidimensional 

datasets with significant variability [4]. This capability is especially useful for 

infectious disease research, where numerous risk factors (biological, behavioral, 

and environmental) combine in unexpected ways. 

In this context, the present investigation uses ML-based predictive 

modelling to determine the risk and seroprevalence of Toxoplasma gondii, an 

obligate intracellular protozoan parasite that triggers toxoplasmosis [5,6,7]. 

While the infection is typically asymptomatic, it can cause severe complications 

in immunocompromised people and pregnant women [8]. Toxoplasma Gondii’s 

complicated transmission mechanisms, which include the absorption of its 

embryos from contaminated food, drink, or soil, make standard epidemiological 

tracking difficult [9]. Occupationally exposed populations in developing urban 

areas, such as sewage workers, gardeners, and construction labourers, have 

increased risk due to regular interaction with contaminated settings. 

Traditional testing methods such as Enzyme-Linked Immunosorbent Assay 

(ELISA) [10,11,12] and Polymerase Chain Reaction (PCR) [13] are commonly 

employed to confirm infection. However, they produce binary results (positive or 

negative) and lack the analytical depth needed to connect infection status with 
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multiple cultural variables such as hygiene practices, pet ownership, education 

level, or socioeconomic status. This limitation restricts their ability to inform 

predictive public health planning [14]. 

To address these limitations, this study combines machine learning 

algorithms with conventional serological results to provide a data-driven 

framework for infection prediction. MATLAB was chosen for its high numerical 

precision, comprehensive ML toolbox, and visualization capabilities, which 

enable both model development and interpretation [15]. A structured dataset 

containing biological results and socio-demographic factors from 120 

occupationally exposed individuals in Lahore, Pakistan, was utilized to train and 

verify several supervised learning models, such as Logistic Regression, Decision 

Tree, and Random Forest classifiers [16,17,18]. 

By shifting the focus from statistical analysis to predictive analytics, the 

study demonstrates how ML can enhance epidemiological insight, identifying 

not only the likelihood of infection but also the most influential determinants. 

This computational framework aims to strengthen risk assessment, improve early 

detection strategies, and support data-informed decision-making in public health 

systems addressing toxoplasmosis and similar parasitic infections [19].  

2. METHODOLOGY 

This study employed a cross-sectional, data-driven approach that used 

machine learning (ML) techniques and traditional serological analysis to model 

and predict Toxoplasma gondii infection risk among occupationally exposed 

workers in Lahore, Pakistan. Figure 1 illustrates the biological methodology used 

for infection detection. The purposeful sampling engaged a total of 120 people, 

including 60 sewage workers, 30 gardeners, and 30 construction labourers. 

These occupational categories were chosen because they come into contact with 

contamination from soil and wastewater on a regular basis, increasing their risk 

of exposure. Each subject provided informed consent prior to data collection. 
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Figure 1: Biological Methodology for Infection Detection 

Source: Author’s Own 

2.1. Biological Data Acquisition 

Venous blood samples were collected under sterile circumstances for 

serological testing. To identify previous or latent infections, Toxoplasma Gondii-

specific Immunoglobulin G (IgG) antibodies were detected using an Enzyme-

Linked Immunosorbent Assay (ELISA). All ELISA-positive samples were 

further validated by Polymerase Chain Reaction (PCR) to confirm parasite DNA 

presence. These validated results were encoded as binary outcomes, with "1" 

representing infection-positive and "0" representing infection-negative cases, 

forming the target variable for machine learning classification. 

2.2. Socio-Demographic and Behavioral Data Collection 

In addition to laboratory results, standardized questionnaires were used to 

collect thorough socio-demographic and behavioral data. The variables included 

age, education level, cleanliness practices, cat ownership, dietary behavior, 

occupation duration, and socioeconomic status. These parameters were chosen 

based on previous research indicating their association with Toxoplasma Gondii 

transmission. To ensure secrecy, each record was anonymised and allocated a 

unique identification. 

2.3. Data Preprocessing and Feature Engineering 

The dataset went through many pretreatment procedures to assure its quality, 

consistency, and applicability for ML modeling in MATLAB. As shown in 

figure 1, the biological data were extracted to serve as the dataset for ML 
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algorithms. Missing data were addressed with variable-specific imputation 

techniques. To maintain class balance, numerical parameters like age were filled 

with the median value, and categorical features like education and cleanliness 

level were imputed with the mode. Outliers were discovered using the 

Interquartile Range (IQR) approach and kept if biologically plausible; otherwise, 

they were capped to the nearest acceptable bound to avoid skewing the model. 

One-hot encoding was used to convert nominal category variables into numerical 

representations, whilst ordinal variables, such as education level, were label-

encoded in ascending order of accomplishment. Continuous variables were 

adjusted via min-max normalization to scale all features within the range [0,1], 

reducing bias caused by variable magnitude disparities. The processed dataset 

was split into training (75%) and testing (25%) sets using the stratified random 

sampling to maintain proportional representation of positive and negative cases. 

2.4. Machine Learning Model Development 

Figure 2 shows the methodology for implementation of ML algorithms in 

the data to extract the results of maximum percentage of accuracy. Three 

supervised learning methods were chosen to determine infection status and 

critical predictors.  

Logistic Regression (LR): Used as a baseline linear classifier to calculate the 

log-odds of infection as a function of predictor variables. To avoid overfitting, 

model parameters were tuned with the L2 regularization term. The Gini impurity 

index was used as the splitting criterion to construct a decision tree (DT). The 

model captured hierarchical relationships and non-linear dependencies among 

variables. Pruning was applied to minimize model complexity and improve 

generalization.  

Random Forest (RF): Used as an ensemble model consisting of 100 decision 

trees trained on bootstrapped samples of the dataset. Each split considered a 

random subset of predictors to reduce feature correlation and overfitting. The 

final class assignment was determined by majority voting across trees. All 

models were implemented in MATLAB’s Classification Learner App, with 

hyperparameters optimized via grid search and five-fold cross-validation, 

including learning rate, maximum tree depth, and number of estimators, to 

achieve an optimal bias-variance trade-off. 
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2.5. Model Evaluation and Validation 

The model's performance was tested using a variety of statistical indicators 

obtained from the confusion matrix. Accuracy: The proportion of correctly 

classified instances. Precision is the ratio of genuine positives to total expected 

positives. Recall (sensitivity): The ratio of true positives to actual positives. F1-

Score: The harmonic means of precision and recall, which balances their trade-

offs. ROC Curve and AUC: Used to assess models' discriminative power at 

various classification levels. 

Figure 2: Methodology for Implementation of ML Algorithms 
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Source: Author’s own.  

2.6. Feature Importance and Interpretability 

The Random Forest model was used to rank feature importance based on 

mean decrease in Gini impurity. Cat ownership, poor hygiene practices, and low 

education level emerged as the most significant predictors of infection risk. 

Partial dependence plots in MATLAB were used to visualize the relationship 

between important features and predicted infection probability, providing insight 

into how socio-behavioral characteristics influence Toxoplasma Gondii exposure 

risk. 

3. SEROPREVALENCE ANALYSIS 

3.1. Biological Findings 

Serological testing was performed to detect anti-Toxoplasma Gondii IgG 

antibodies using ELISA, followed by PCR for confirmation. Out of 120 samples, 

14 (11.67%) tested positive with ELISA, and 12 (10.00%) were validated by 

PCR amplification of Toxoplasma Gondii-specific DNA fragments. Table 1 

summarizes the seroprevalence percentages and infection positivity ratios 

obtained through biological analysis. 

Table 1: Seroprevalence Obtained through Experimental Analysis 

Occupational 

Group 

Total 

Samples 

ELISA 

Ratio 

PCR Seroprevalence 

(%) 

Sewage Workers 60 7 7 11.66 

Gardeners 30 4 4 13.33 

Construction 

Workers 
30 3 1 10.00 

Total 120 14 12 11.66 

Source: Author’s own.  
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Figure 3: Seroprevalence of Blood Sample Infection by Occupation 

 

Source: Author's own 

     Figure 3 shows that the gardeners have the highest seroprevalence (13.33%), 

which could be attributed to their constant and direct contact with soil, exposure 

to moist organic material, and frequent interaction with garden environments 

populated by stray or domestic cats, Toxoplasma gondii's primary hosts. Sewage 

workers are closely followed by 11.66%, most likely due to the constant 

handling of untreated wastewater, sludge, and polluted equipment, all of which 

enhance the risk of oocyst exposure. Construction workers had the lowest 

incidence (10%), which is consistent with their relatively short exposure times, 

limited soil contact, and lesser risk of encountering animal feces or organic 

pollutants. Collectively, these findings indicate that occupational exposure type, 

environmental hygiene, and personal protective practices have a significant 

impact on Toxoplasma Gondii infection risk.  

These results indicate that occupational exposure type, environmental 

hygiene, and personal protective practices significantly influence Toxoplasma 

Gondii infection risk, highlighting the need for targeted awareness initiatives, 

sanitation measures, and preventive interventions in high-risk occupations. 
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Figure 4: Literacy Rate of Seropositivity 

 

Source: Author’s own.  

Figure 5: Infection Distribution According to Age 

 

Source: Author’s own.  
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Figure 4 and Figure 5 show that in the same experiment the risk factor of 

seropositivity by age and by education level of the individuals in which 

individuals with non-formal education are highly to get infected. Similarly, 

people above age 50 have high chances of getting infection. 

3.2. ML Models Performance 

Three supervised learning algorithms; Logistic Regression (LR), Decision 

Tree (DT), and Random Forest (RF), were applied to classify infection risk 

(positive or negative). 

Table 2: ML Based Results Comparison 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1 Score 

(%) 

AUC 

(ROC) 

Logistic 

Regression 
84 82 80 81 0.83 

Decision Tree 87 85 86 85 0.86 

Random 

Forest 
92 90 91 91 0.90 

Source: Author’s own.  

The Random Forest model had the highest predicted accuracy (91%) as seen 

in Figure 8 and Table 2, and the most balanced performance across all evaluation 

criteria, indicating its ability to handle nonlinear feature interactions, class 

imbalance, and data noise. Its ensemble structure reduced overfitting while 

retaining generalizability, making it excellent for complex epidemiological data. 

The Decision Tree model fared somewhat worse but provided useful 

interpretability, providing clear, rule-based insights into categorical correlations 

between infection risk and factors like hygiene or cat ownership. Despite its 

linear assumptions, logistic regression worked as a trustworthy baseline classifier 

as shown in Figure 6, rapidly capturing the main trends in the data and 

evaluating the general consistency of the machine learning framework. Together, 

these models demonstrate the power of integrating interpretability and prediction 

accuracy in epidemiological risk modeling as shown in the ROC curve given in 

Figure 7. 
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Figure 6: Precision Vs Accuracy of LR Model Figure 7: ROC Curve of ML Models 

  

Source: Author’s own.  

Figure 8: Model Wise Performance Comparison 

 

Source: Author’s own.  

3.3. Risk Factor Analysis 

All three algorithms consistently identified cat ownership, poor hygiene 

practices, and low educational attainment as significant predictors of 

Toxoplasma Gondii infection. The Random Forest model showed a sharper 
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separation of high-importance characteristics, with cat ownership about twice as 

influential as age according to Figure 9. 

Figure 9: Risk Factor Feature Importance RF Model 

 

Source: Author’s own. 

Figure 10: Heatmap Correlation Diagram 

 

 

 

 

 

 

 

 

 

 

Source: Author’s own.  
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Feature importance was calculated using Gini impurity-based ranking (DT and 

RF) as well as standardized coefficients (LR) as seen in the correlation heat 

diagram in Figure 10.  

3.4. Comparative Analysis 

To evaluate the coherence of biological and computational data, the 

infection distribution from ELISA/PCR tests was compared to model predictions. 

The Random Forest model, according to Figure 11, exhibited 92% agreement 

with PCR-confirmed instances, demonstrating remarkable consistency between 

biological detection and machine learning categorization. 

Figure 11: Comparative Analysis of Biological & ML Model Predictions 

 

Source: Author’s own.  

Integrated observations: 

1. Gardeners and sewage workers remained at high-risk categories across both 

biological and computational analyses. 

2. Individuals with cat ownership and poor hygiene habits had a 3.2x higher 

probability of infection as predicted by the ML model. 

3. Logistic Regression showed high precision for low-risk classification, 

confirming reliability in identifying uninfected individuals. 
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Overall, the combination of biological assays and machine learning 

algorithms enhanced epidemiological resolution providing not only diagnostic 

confirmation but also predictive insight into Toxoplasma Gondii risk dynamics. 

4. CONCLUSION 

This study successfully used traditional serological diagnostics and advanced 

machine learning (ML) approaches to improve understanding and prediction of 

Toxoplasma gondii infection among occupationally exposed workers in Lahore, 

Pakistan. The biological assays, ELISA followed by PCR confirmation, provided 

accurate detection of infection, with seroprevalence ranging from 10% to 

13.33% across the study groups. However, when this biological evidence was 

combined with socio-demographic and behavioral data, the use of ML 

algorithms revealed deeper insights into infection patterns that traditional 

statistical methods frequently overlook. 

Among the models tested, the Random Forest classifier had the highest 

prediction accuracy (92%) and area under the curve (AUC = 0.90), surpassing 

both Logistic Regression and Decision Tree models. The feature importance 

analysis indicated that cat ownership, poor cleanliness, and a low educational 

level were the most powerful predictors of Toxoplasma Gondii infection, which is 

consistent with the biological findings. The integration of machine learning not 

only corroborated laboratory results, but also permitted a multidimensional 

interpretation of risk factors, revealing intricate relationships between 

environmental exposure and human behavior [20]. 

This hybrid analytical approach emphasizes the expanding significance of 

artificial intelligence in epidemiology monitoring and public health research [21]. 

This approach enables data-driven decision-making for early detection, targeted 

awareness initiatives, and effective allocation of healthcare resources by 

connecting biological testing and computational modeling [22]. Future research 

might increase the dataset size, include historical trends, and investigate deep 

learning architectures for automated feature extraction and cross-regional 

predictive modeling [23]. Finally, this study emphasizes that sophisticated 

computational methods, when employed alongside existing diagnostic 

instruments, can greatly increase disease monitoring and risk assessment in 

resource-limited situations. 
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