



A COMPARATIVE PREDICTION OF DIPHTHERIA OUTCOMES USING AI LINEAR DISCRIMINANT ANALYSIS AND LOGISTIC REGRESSION MODELS 
	ABSTRACT

Aim: The paper seeks to evaluate the predictive power of linear discriminant analysis (LDA) and logistic regression (LR) in classifying diphtheria patient outcomes based on age and disease classification. The LDA and LR were comparatively applied to data got related to patients’ age, classification and diphtheria outcomes. 

Materials and Method: Python software was used to clean, mine and coded the data for analyses. Primary target variable, outcome, indicated whether a patient was alive or deceased, with 0 denoting death and 1 denoting survival. This binary variable served as the foundation for evaluating the relationships between survival and the predictors. 

Results: The results revealed that a significant majority of patients, approximately 67%, survived while the remaining 33% did not survive. The binary final classification variable feature indicated whether a patient is classified as positive (1) or negative (0) for Diphtheria. 

The sample selected had a wide age range, from 2 months to 576 months with average patient age of 116 months and a median age of 96 months indicating a slight skewness towards younger patients. 

Conclusion: LDA achieved an accuracy of 77.8%, outperforming the LR with accuracy of 72.2% indicating that LDA correctly classified larger proportion of the samples overall, making it slightly more reliable for general predictions. Precision metrics measured the proportion of true positive predictions among all positive predictions with LDA exhibiting a higher precision of 75% compared to 70.6% for LR. LDA was better at minimizing false positives, which is critical in applications where incorrect positive predictions had significant consequences. Both models achieved strong performances with perfect recall score of 100%, indicating reliability in identifying all actual positive outcomes without missing any. LDA consistently outperformed LR across all metrics minimizing false positives and marginally predicting the outcome of Diphtheria patients. For variability, LDA showed a higher deviation of 0.156, compared to 0.124 for LR. LDA performance fluctuated across 5 different validation folds indicating less consistent accuracy. 
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1. INTRODCUTION

Diphtheria is an infectious disease caused by Corynebacterium diphtheriae (C. diphtheriae) with high mortality rates (Clarke, 2017). The introduction of vaccines in immunization programmes of 1970’s has positively reduced significantly the occurrence of diphtheria. Countries like Nigeria, Russian Republic, India, Bangladesh, Vietnam, and South America, Brazil had reported diphtheria cases (Clarke, 2017)). In Indonesia, reported cases increased in 2006 (Kementrian, 2017). In 2016, 4 diphtheria cases with 1 fatal case were reported in Jakarta Province (Kementrian, 2017). As at 2017 December, 939 cases were recorded, showcasing 44 fatal cases in about 30 provinces of 170 districts in Indonesia leading to a national outbreak (Harapan et al., 2018).

This sickness affects the respiratory system, skin, heart, and brain systems. This illness is a times identified through greyish membrane formed in the throat.
The very challenging and dangerous cases of this illness or toxin spread leads systemic problems like kidney damage, myocarditis, and polyneuritis (WHO, 2023). The diphtheria outbreaks in some regions emphasizes the need for strategic and vigorous immunization programs and surveillance systems in the affected populations (Clark et al., 2021).

The effectiveness of immunization programs is, however, hampered by issues such as vaccination reluctance, logistical challenges in vaccine delivery, and differences in healthcare accessibility (WHO, 2023). 

The use of predictive modelling to identify high-risk groups and forecast disease trends has shown to be a useful strategy in tackling the public health issues associated with diphtheria. Policymakers and healthcare practitioners can benefit from practical information from statistical models that examine variables like age, location, and immunization status. The ability to identify people at risk of chronic disorders like diabetes or cardiovascular diseases based on clinical and lifestyle data is one of its most important contributions to early disease detection and diagnosis, allowing for prompt therapies (Saria et al., 2018). Predictive technologies, which use genetic, biomarker, and environmental data to customize treatment regimens for specific patients, also greatly aid precision medicine by increasing treatment success and decreasing side effects (Topol, 2019). Predictive models that evaluate tumour features to direct tailored cancer treatments, for example, have revolutionized oncology and improved quality of life and survival rates (Wang et al., 2020).

1.1 STATEMENT OF THE PROBLEM
Globally, diphtheria is still a major health concern, especially in low- and middle-income nations with weak healthcare systems and poor vaccination rates. Even after vaccinations were developed in the 1970s, outbreaks of this illness have been documented in several places, such as Nigeria, India, and Indonesia, where the effect is made worse by a lack of immunization and healthcare facilities (Clarke, 2017; Kementrian, 2017). Complications from diphtheria, such as myocarditis, airway obstruction, and systemic infections, raise morbidity and mortality rates and disproportionately impact vulnerable groups, including children under five and those who have not received the vaccination (Havaldar et al., 2000; Khetsuriani et al., 2000). According to recent research, socioeconomic inequalities, age, and immunization status have a significant impact on illness outcomes (Harapan et al., 2018; WHO, 2023). Predictive models that incorporate these variables to predict patient outcomes are still in their infancy. During outbreaks, the lack of reliable, comprehensible statistical models makes it more difficult for healthcare systems to identify high-risk individuals and distribute resources efficiently. This study intends to close this gap by assessing the predictive power of Logistic Regression (LR) and Linear Discriminant Analysis (LDA) models in classifying diphtheria patient outcomes. This will serve as a basis for evidence-based clinical and public health interventions.

1.2 Aim and Objectives

The paper seeks to evaluate the predictive power of linear discriminant analysis (LDA) and logistic regression in classifying diphtheria patient outcomes based on age and disease classification using the following objectives:

i. To classify diphtheria patient outcomes (recovery or mortality) using AI Linear Discriminant Analysis (LDA) and Logistic Regression (LR) models.
ii. To evaluate model performance using cross-validation techniques and confusion matrices.
iii. To compare the predictive accuracy of AI LDA and LR in classifying outcomes.
iv. To identify the significance of age and disease classification as predictors of diphtheria outcomes. 

2. LITERATURE REVIEW 

Nwogwugwu and Ovat (2024), conducted research comparing the findings of multiple regression and discriminant analysis in predicting academic success to establish their usefulness and inconsistencies as predictive techniques. Huo et al., (2024) used publicly listed restaurant business data from 2000 to 2019 to examine the usefulness of multiple discriminant analysis (MDA) and logistic regression (logit) in forecasting the likelihood of bankruptcy in the restaurant sector.  The study by Bharath et al., (2024) intends to improve the efficacy of pure SMO and their heterostructure with gold (Au) ornamentation, as well as to address cross-sensitivity to other gases using machine learning-assisted discriminative analysis. Araveeporn (2023) tests logistic regression classification and discriminant analysis approaches on liver patient datasets with binary dependent variables and correlated independent variables that are prone to multicollinearity. Hassan et al., (2023) define rheumatoid arthritis (RA) as an autoimmune inflammatory disorder that causes joint inflammation and destruction. Mohammad et al., (2022) used single laboratory data to compare the predictive accuracy of linear discriminant analysis (LDA) and binary logistic regression (BLR) in determining COVID-19 severity. Nwaka and Meka (2022) evaluate Linear Discriminant Analysis and Logistic Regression for predicting academic results, and conclude that Logistic Regression is more accurate. Araveepor (2022) investigates linear and quadratic discriminant analysis as essential statistical learning approaches for binary classification. Orumie and Desmond (2022) investigated predictor factors for respiratory syncytial virus (RSV) using logistic regression, probit regression, and discriminant function analysis. The linear discriminant function model outperformed the logistic and probit regression methods. Key criteria for diagnosing RSV patients include father and maternal asthma history, mother's work and smoking habits, and educational level.   Ahsan et al., (2022) investigate fraud detection as a classification issue and evaluate three techniques: Linear Discriminant Analysis (LDA), Random Forest, and Binary Logistic Regression. The dataset, which consists of credit card transactions, is significantly imbalanced. To solve this, the Synthetic Minority Oversampling Technique (SMOTE) is applied. The results show that using SMOTE variables increases the Area Under Curve (AUC) values for all three approaches when compared to the original variables. The Binary Logistic Regression with a 90:10 separation ratio has the best AUC value, followed by the Random Forest Algorithm with a 60:40 separation ratio. Shariatnia et al., (2022) used discriminant analysis to predict coronary artery disease (CAD) and compared its performance to logistic regression. Ricarda et al., (2022) compared Linear Discriminant Analysis (LDA) to other supervised learning methods to assess the influence of the multivariate normality assumption on LDA's prediction performance. Akangoziri and Okoli (2020) conducted a research comparing multiple logistic regression, linear discriminant analysis, and quadratic discriminant in predicting neonatal birth outcomes and misclassification error rates using infant mortality data in Anambra State, Nigeria. According to the results of this study, the linear discriminant approach is the best alternative for estimating the misclassification error rate of infant birth outcomes, followed by quadratic discriminant analysis and, finally, multiple logistic regression. In a population-based cohort study involving 6,762 Asian adults, Simon et al., (2020) compared the performance of machine learning (ML) algorithms to logistic regression (LR) in predicting the risk of cardiovascular disease (CVD), chronic kidney disease (CKD), diabetes (DM), and hypertension (HTN) using simple clinical predictors. Five machine learning models, including a single-hidden-layer neural network, support vector machine, random forest, gradient boosting machine, and k-nearest neighbours, were tested alongside classical LR. Finally, they conclude that LR performs well as ML models for predicting the risk of major chronic illnesses with low incidence and straightforward clinical prediction. Yakubu et al., (2019) did a thorough investigation to determine the risk factors for bronchopneumonia in neonates. They applied binary logistic regression and simplified models to find the most relevant factors and develop an effective predictive model. The study gives important insights into the elements that contribute to newborn bronchopneumonia, which will benefit in early identification and preventive efforts.

3. METHODOLOGY

The comparative classification techniques or methods applied in this research are the Artificial Intelligence (AI) Linear Discriminant Analysis (LDA) and Logistic Regression (LR) since both are widely used in Biological, Medicine and Finance related areas of researches. LDA assumes that, the data is normally distributed within each class and aims to find a linear combination of features that best separates the classes. Equal samples and features use the LDA, and it works by maximizing the ratio of between-class variance to within-class variance while the LR, on the other hand, is a regression-based classification algorithm that predicts probabilities using a logistic function. LR does not assume normally distributed data but is sensitive to multi-collinearity among predictors. It models the relationship between the input features and the log-odds of the outcome, making it a versatile and interpretable method for binary or multiclass classification. The data got related to patients’ age, classification and diphtheria outcomes was cleaned, mined and coded into python software. Analyses were conducted as stated below. 
4. DATA PRESENTATION AND ANALYSES

Table 1: Descriptive Statistics of diphtheria data  

	 
	count
	Mean
	std
	Min
	Q1
	Median
	Q3
	max

	Outcome
	58
	0.672414
	0.473432
	0
	0
	1
	1
	1

	Final classification
	58
	0.310345
	0.466675
	0
	0
	0
	1
	1

	Age in months
	58
	116.0345
	99.64304
	2
	48
	96
	153
	576


Table 1 comprises 58 observations, each representing an individual patient. The primary target variable, Outcome, indicates whether a patient is alive or deceased, with “0” denoting death and “1” denoting survival. This binary variable serves as the foundation for evaluating the relationships between survival and the predictors. The table reveals that a significant majority of patients, approximately 67%, survived (outcome = 1), while the remaining 33% did not survive (outcome = 0). The variable Final classification is a binary feature indicating whether a patient is classified as positive (1) or negative (0) for Diphtheria. The data shows that most patients, around 69%, fall into the negative classification (final classification = 0), whereas only 31% are classified as positive. This skew suggests that the majority of the patients tested negative for Diphtheria. The sample has a wide age range, from as young as 2 months to 576 months (48 years). The average patient age is about 116 months (roughly 9.7 years), with a median age of 96 months (8 years). This indicates a slight skewness towards younger aged patients. 

4.1 Comparing the Linear Discriminant Analysis (LDA) with the Logistic Regression (LR)
Table 2: Metrics of LDA and LR models 

	Metrics
	 Linear Discriminant Model 
	Logistic Regression Model 

	Accuracy
	0.777778
	0.722222222

	Precision
	0.75
	0.705882353

	Recall
	1
	1

	F1-score
	0.857143
	0.827586207

	ROC-AUC
	0.75
	0.736111111


From table 2, the LDA model achieves an accuracy of about 77.8%, outperforming the LR model, which has an accuracy of 72.2%. This indicates that LDA correctly classifies a larger proportion of the samples overall, making it slightly more reliable for general predictions. The precision metric measures the proportion of true positive predictions among all positive predictions. The LDA model exhibits a higher precision of 75% compared to about 70.6% for LR. This suggests that the LDA model is better at minimizing false positives, which is critical in applications where incorrect positive predictions have significant consequences. Both models achieve a perfect recall score of 100%, meaning they identify all actual positive outcomes without missing any. This is particularly important in situation where failing to identify a positive case (e.g., survival or recovery) could have severe implications. Both models perform equally well in this regard. The F1-score balances precision and recall, providing a single metric that evaluates a model's ability to manage false positives and false negatives. The LDA model has an F1-score of 85.7%, which is slightly better than LR model’s score of 82.8%, indicating a more balanced performance. The ROC-AUC score reflects a model’s ability to distinguish between the classes across all thresholds. The LDA model achieves a score of 75%, slightly outperforming LR, which scores 73.6%. This suggests that the LDA model has a marginally better capability to separate positive and negative outcomes.

However, while both models demonstrate strong performance, the LDA model consistently outperforms LR model across most metrics, including accuracy, precision, F1-score, and ROC-AUC. Both models achieve perfect recall, indicating their reliability in identifying all positive cases. However, the slightly higher precision and F1-score of the LDA model makes it more robust for applications where minimizing false positives is essential. In conclusion, the LDA model is marginally better suited for predicting the outcome of Diphtheria patients.
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Figure 1: Bar chart of Model Comparison of LDA and LR models  

4.2 Predicted probabilities of both LDA and LR Models
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Figure 2: Bar chart of comparison of predicted probabilities of both LDA and LR models 

Figure 2 compares the predicted probabilities of the Linear Discriminant Analysis (LDA) model and the Logistic Regression (LR) model for the positive outcome (alive). The predicted probabilities represent each model's confidence in classifying cases as alive, ranging between 0 and 1. The graph highlights the density of these probabilities, providing insights into the prediction behavior of each model. Both models exhibit overlapping distributions, with most probabilities concentrated between 0.5 and 0.85. However, their behaviors differ in subtle ways. The LDA model shows a higher density of predictions at the upper end of the probability scale (above 0.8), suggesting that it tends to make more confident predictions for certain cases. On the other hand, the Logistic Regression model exhibits a peak density around 0.6, indicating that it assigns moderate probabilities more frequently than LDA. These differences suggest that the LDA model produces more polarized predictions, potentially assigning higher probabilities to cases it classifies as alive, which could lead to fewer ambiguous classifications. In contrast, the Logistic Regression model appears more conservative, generating probabilities clustered around mid-range values (e.g., 0.6), reflecting a cautious prediction strategy.
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Figure 3: Scatter plots of Predictions versus Actual outcomes of LDA and LR models 
Figure 3 compare the predicted probabilities of the Linear Discriminant Analysis (LDA) model and the Logistic Regression model against actual outcomes. These visualizations show how well each model separates the two outcome classes (0 and 1) based on the predicted probabilities. Considering the LDA model (left plot), the predicted probabilities range from 0.45 to 0.85. Most positive outcomes (outcome = 1) are assigned probabilities above the decision boundary of 0.5, indicating the model's confidence in identifying positive cases. However, some negative outcomes (outcome = 0) are misclassified as positive, as they are assigned probabilities above the threshold. The distribution of probabilities in LDA shows a clear separation between classes, with fewer cases clustering around the decision boundary. For the Logistic Regression model (right plot), the predicted probabilities also range from 0.45 to 0.85. Positive outcomes tend to cluster above the decision boundary, suggesting accurate classification for most cases. However, LR has slightly more points near the threshold than LDA, reflecting a more conservative approach to assigning probabilities. Some negative outcomes are misclassified, similar to the LDA model, as their probabilities exceed the 0.5 threshold. Both models effectively separate the two classes, but the LDA model demonstrates higher confidence in its predictions, with fewer borderline cases near the threshold. In contrast, LR takes a more cautious approach, with more probabilities clustering closer to the decision boundary. These differences highlight the unique behaviors of each model in handling classification tasks.

4.3 Model Evaluation using Cross-Validation and Confusion matrices 

Table 3:  Mean Accuracy and Standard deviation Accuracy across 5 folds 

	Model
	Mean Accuracy
	Standard dev. Accuracy

	Linear Discriminant Analysis
	0.651515152
	0.156288448

	Logistic Regression Model
	0.66969697
	0.123612594


Table 3 compares the cross-validation performance of the Linear Discriminant Analysis (LDA) model and the Logistic Regression (LR) model, focusing on mean accuracy and the standard deviation accuracy. These metrics provide insights into the overall effectiveness and consistency of the models across 5 folds of cross-validation. The LR model achieves a slightly higher mean accuracy of 67%, compared to 65% for the LDA model. This indicates that LR is marginally better at correctly classifying outcomes on average across all validation folds. While the difference is small, it demonstrates a slight advantage for Logistic Regression in terms of overall predictive performance.

In terms of variability, the LDA model shows a higher standard deviation of 0.156, compared to 0.124 for Logistic Regression. This suggests that the performance of LDA fluctuates more across the different validation folds, indicating less consistent accuracy. In contrast, Logistic Regression produces more stable results, which could make it more reliable for deployment in practical applications.
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Figure 4: Confusion matrix of LDA and LR models 

Figure 4 illustrate the performance of the Linear Discriminant Analysis (LDA) model and the Logistic Regression (LR) model in classifying outcomes. Both models show strengths and weaknesses in handling true positives, true negatives, false positives, and false negatives. In terms of true positives, the Logistic Regression model performs slightly better, correctly identifying 35 positive cases compared to 33 for the LDA model. Additionally, Logistic Regression has fewer false negatives, misclassifying only 4 positive cases as negative, compared to 6 for LDA. This suggests that Logistic Regression is slightly more effective at capturing all positive outcomes, which can be crucial in applications where missing a positive case has severe consequences. On the other hand, the LDA model performs slightly better in reducing false positives, with 14 cases misclassified as positive versus 15 for Logistic Regression. Furthermore, LDA correctly classifies 5 negative cases as true negatives, compared to 4 for Logistic Regression, demonstrating slightly better performance in identifying negative outcomes.

Overall, both models demonstrate good predictive performance but excel in different areas. Logistic Regression minimizes false negatives, making it more reliable for ensuring all positive cases are detected. In contrast, LDA has fewer false positives, which is critical in scenarios where falsely classifying a negative case as positive carries high costs. The choice between these models depends on the specific priorities of the application, such as whether minimizing false positives or false negatives is more important.
4.4 Feature importance of both variables in predicting the outcome variable 
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Figure 5: Bar Chart of feature importance of LDA versus LR 

The bar chart illustrates the relative importance of the features age in months (age of patients in months) and final classification (final classification of patients if they are infected with diphtheria or not) in the predictions of the Linear Discriminant Analysis (LDA) and Logistic Regression (LR) models. Feature importance indicates how each predictor influences the model’s decision-making process. The feature final classification emerges as the dominant predictor in both models, with significantly higher importance than age in months. This suggests that the diagnostic classification (negative or positive) plays a critical role in predicting the outcome. The LDA model assigns the greatest importance to final classification, almost reaching a value of 1.0, highlighting its reliance on this feature. Similarly, logistic regression also prioritizes final classification, though its importance is slightly less pronounced than that of LDA. This indicates that both models heavily depend on final classification, likely due to their strong correlation with the target variable.

In contrast, the feature age in months contributes negligibly to both models. The small bar heights for this variable suggests that age is not significantly related to the outcome of the patients. As such, both models largely disregard this feature when making predictions.

5. CONCLUSION

The LDA model had 77.8% accuracy outperforming the 72.2% accuracy of LR model. This implies that LDA correctly classifies a larger proportion of the samples overall, making it slightly more reliable for general predictions. The LDA model exhibits a higher precision of 75% compared to about 70.6% for LR suggesting that the LDA model is better at minimizing false positives that is critical in applications where incorrect positive predictions have significant consequences. Both models achieved a perfect recall score of 100%, meaning they identify all actual positive outcomes without missing any. The F1-score balances precision and recall provided a single metric that evaluates a model's ability to manage false positives and false negatives. The LDA model has an F1-score of 85.7%, which is slightly better than LR model’s score of 82.8%, indicating a more balanced performance. The ROC-AUC score reflects a model’s ability to distinguish between the classes across all thresholds. The LDA model achieves a score of 75%, slightly outperforming LR, which scores 73.6%. This suggests that the LDA model has a marginally better capability to separate positive and negative outcomes. However, while both models demonstrate strong performance, the LDA model consistently outperforms LR model across most metrics, including accuracy, precision, F1-score, and ROC-AUC. Both models achieve perfect recall, indicating their reliability in identifying all positive cases. However, the slightly higher precision and F1-score of the LDA model makes it more robust for applications where minimizing false positives is essential. 

The data shows that most patients, around 69%, fall into the negative classification (final classification = 0), whereas only 31% are classified as positive. This skew suggests that the majority of the patients tested negative for Diphtheria. The sample has a wide age range, from as young as 2 months to 576 months (48 years). The average patient age is about 116 months (roughly 9.7 years), with a median age of 96 months (8 years). This indicates a slight skewness towards younger aged patients. 

The distribution of probabilities in LDA shows a clear separation between classes, with fewer cases clustering around the decision boundary. The LR model (right plot), the predicted probabilities also range from 0.45 to 0.85. Positive outcomes tend to cluster above the decision boundary, suggesting accurate classification for most cases. However, LR has slightly more points near the threshold than LDA, reflecting a more conservative approach to assigning probabilities. Some negative outcomes are misclassified, similar to the LDA model, as their probabilities exceed the 0.5 threshold. 

LDA had 0.651 mean accuracy with a high standard deviation of 0.1562 while LR had a higher mean accuracy of 0.669 with a low standard deviation of 0.1236. These metrics gives insights into the overall effectiveness and consistency of the models across 5 folds of cross-validation. The LR model achieves a slightly higher mean accuracy of 67%, compared to 65% for the LDA model. This indicates that LR is marginally better at correctly classifying outcomes on average across all validation folds. While the difference is small, it demonstrates a slight advantage for Logistic Regression in terms of overall predictive performance.

In terms of variability, the LDA model shows a higher standard deviation of 0.156, compared to 0.124 for Logistic Regression.

LR is slightly more effective at capturing all positive outcomes crucial in applications with missing a positive case could cause severe consequences while the LDA model performs slightly better in reducing false positives, with 14 cases misclassified as positive versus 15 for LR. LDA demonstrates slightly better performance in identifying negative outcomes. However, both models demonstrate good predictive performance but excel in different areas. LR minimizes false negatives making it more reliable for ensuring all positive cases are detected and LDA has fewer false positives that is critical in scenarios where falsely classifying a negative case as positive carries high costs. 

The feature final classification emerges as the dominant predictor in both models, with significantly higher importance than age in months suggesting that the diagnostic classification (negative or positive) plays a critical role in predicting the outcome. The LDA model assigns the greatest importance to final classification, almost reaching a value of 1.0, highlighting its reliance on this feature while LR prioritizes final classification, though its importance is slightly less pronounced compared to that of LDA. Hence, both models heavily depend on final classification, likely due to their strong correlation with the target variable. 

In conclusion, the LDA model is marginally better suited for predicting the outcome of Diphtheria patients.

6. RECOMMENDATIONS
Based on the findings of this research, the following recommendations are proposed:

1. Medical practitioners and Healthcare researchers should use LDA instead of LR when classifying patient outcomes cases with predictive accuracy.

2. Other predictor variables like health conditions regiments and treatment should be considered in further researches to elicit model performance.

3. Institutions relating to medical and healthcare institutions should include data-driven models like LDA in decision making processes to improve disease prognosis and patient management strategies.

4. Refinement and validation of predictive models with larger and more diverse datasets thereby improving generalizability across different patient populations and healthcare settings.
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