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Abstract 

The growing reliance on data-driven decision-making has intensified the demand for statistical 

models that combine predictive accuracy with interpretability. Traditional Multivariate 

Discriminant Analysis (MDA), notably Linear Discriminant Analysis (LDA) and Quadratic 

Discriminant Analysis (QDA), offers a transparent framework for classification but is limited 

by its performance on high-dimensional, imbalanced, and non-normal datasets. This study 

aimed to evaluate the performance, robustness, and interpretability of classical, regularized, 

and robust MDA methods through an integrated empirical–simulation framework. Empirical 

analyses were conducted on two secondary health-related datasets, the Centres for Disease 

Control and Prevention (CDC), Heart Disease Indicators Dataset (10,000 records) and the 

Nigeria Demographic and Health Survey (NDHS) Children Anaemia Dataset (3,856 cases), 

purposively sampled, while 1,000 Monte Carlo simulations were performed under varying 

sample sizes, covariance structures, and contamination levels. Models were evaluated with 

accuracy, precision, recall, F1-score, and Area Under Curve metrics. Findings revealed that 

LDA was computationally efficient but had poor recall on imbalanced data (27%), whereas 

QDA slightly improved recall (37%) but was unstable under heteroscedasticity. Robust MDA 

variants employing Minimum Covariance Determinant (MCD) estimators demonstrated 

greater resilience to outliers and violations of normality assumptions, maintaining predictive 

stability. The study concludes that robust and regularized MDA models provide dependable 

and transparent alternatives for decision-making in imperfect data environments and 

recommends simulation-based validation protocols to enhance model reliability across diverse 

data conditions. 

 

Keywords: Multivariate Discriminant Analysis, Linear Discriminant Analysis, Quadratic 

Discriminant Analysis, Robust Statistics, Monte Carlo Simulation. 

 

Introduction  

Classification is one of the most fundamental challenges in statistics and machine learning, 

underpinning diverse applications such as medical diagnostics, financial risk assessment, 

speech recognition, and image processing. The core objective of classification is to develop a 

model capable of assigning observations to predefined categories based on their measured 

attributes or features. This involves learning a mapping function from input features to 

categorical output labels using training data and then accurately predicting unseen cases (Hastie 

et al., 2009). Historically, classification has evolved from simple rule-based methods to 
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complex probabilistic and machine learning models that can handle increasingly intricate 

datasets. 

In a classification framework, the response variable represents a finite set of categories, while 

predictors may be continuous, categorical, or mixed. For instance, medical researchers use 

classification models to differentiate between benign and malignant tumours based on 

diagnostic indicators (Kourou et al., 2015). In finance, credit scoring models classify borrowers 

as likely or unlikely to default on loans using socio-economic attributes such as income, age, 

and credit history (Baesens et al., 2003). The flexibility of classification models makes them 

indispensable for decision-making in areas where predictive precision can directly influence 

human health, economic stability, and institutional trust. 

A variety of methods have been developed for classification, ranging from classical statistical 

techniques such as logistic regression, Linear Discriminant Analysis (LDA), and Quadratic 

Discriminant Analysis (QDA) to more sophisticated machine learning algorithms like support 

vector machines (SVM), decision trees, random forests, and deep neural networks. While 

advanced machine learning models often provide higher predictive accuracy, they frequently 

suffer from a lack of transparency and interpretability (Rudin, 2019). Classical statistical 

approaches, on the other hand, offer interpretable structures grounded in mathematical theory, 

making them suitable for domains requiring accountability and explanation, such as healthcare 

and policy analysis (Molnar, 2022). 

The traditional process of classification involves several critical stages: data collection, 

preprocessing, feature extraction, model training, evaluation, and deployment. Evaluation 

metrics such as accuracy, precision, recall, F1-score, and the Area Under the Receiver 

Operating Characteristic Curve (AUC) provide quantitative measures of model performance 

(Provost & Fawcett, 2013). However, as the complexity and volume of real-world data 

continue to increase, challenges such as overfitting, multicollinearity, and high dimensionality 

demand more robust statistical techniques capable of maintaining predictive stability while 

ensuring model interpretability. 

Recent advances in data generation across domains such as healthcare, genomics, and finance 

have dramatically expanded the scale and scope of classification problems. For example, 

modern healthcare systems produce vast amounts of clinical and genomic data that require 

sophisticated models for disease prediction and diagnosis (Esteva et al., 2019). Similarly, 

financial institutions rely on data-intensive classification models for fraud detection and credit 

risk analysis (Goodell et al., 2021). These applications highlight the growing need for 

classification frameworks that can process large-scale, high-dimensional data efficiently 

without compromising accuracy or interpretability (Zhang et al., 2020). 

A persistent issue in classification research is the problem of class imbalance, where one 

category significantly outnumbers others. This is especially critical in medical and 

environmental datasets, where rare events—such as disease occurrence or equipment failure—

carry substantial importance (Johnson & Khoshgoftaar, 2019). Conventional models tend to 
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favour the majority class, resulting in poor sensitivity to minority classes. Strategies such as 

cost-sensitive learning, synthetic minority oversampling, and robust discriminant approaches 

have been introduced to mitigate this issue (He & Ma, 2016). However, the quest for methods 

that remain effective under both balanced and imbalanced conditions continues to drive 

research in classification. 

Multivariate Discriminant Analysis (MDA), encompassing both LDA and QDA, remains one 

of the most enduring and theoretically grounded frameworks in statistical classification. 

Initially proposed by Fisher in 1936, discriminant analysis seeks to find linear combinations of 

variables that best separate predefined groups. Its strength lies in its ability to model the 

covariance structure of predictors, maximizing the distance between class means relative to 

within-group variance (Johnson & Wichern, 2007). This approach not only provides an 

efficient means of classification but also yields interpretable decision boundaries that facilitate 

explanation and policy interpretation. 

Despite its theoretical strengths, classical MDA methods have limitations when applied to 

modern datasets characterized by high dimensionality, non-normal distributions, and 

heterogeneous covariance structures. In such contexts, parameter estimates can become 

unstable, leading to poor classification performance (James et al., 2021). To address these 

issues, researchers have developed Regularized Discriminant Analysis (RDA) and shrinkage-

based approaches that stabilize covariance estimation by introducing penalty terms (Ledoit & 

Wolf, 2020). Similarly, robust extensions of MDA employing estimators such as the Minimum 

Covariance Determinant (MCD) and S-estimators have proven effective in mitigating the 

effects of outliers and data contamination (Maronna et al., 2019). 

The advent of high-performance computing has facilitated hybrid and simulation-based 

approaches to statistical classification. Monte Carlo simulation, in particular, has emerged as a 

valuable technique for evaluating the robustness of models under varying data conditions such 

as noise, imbalance, and covariance heterogeneity (Robert & Casella, 2019). Combining 

empirical analyses with simulation experiments allows for a more comprehensive 

understanding of model behaviour, helping researchers assess both predictive accuracy and 

resilience to assumption violations (Yao et al., 2022). Such dual evaluation frameworks are 

particularly important for establishing the generalizability of discriminant models. Given these 

developments, the present study seeks to evaluate the robustness, interpretability, and 

predictive performance of classical, regularized, and robust MDA frameworks using both 

empirical data and Monte Carlo simulation.  

Classification remains a cornerstone of data-driven decision-making in fields such as medicine, 

finance, marketing, and image recognition. Among the classical statistical tools available, 

Multivariate Discriminant Analysis (MDA) encompassing Linear Discriminant Analysis 

(LDA) and Quadratic Discriminant Analysis (QDA) has long been recognized for its 

interpretability and theoretical soundness. However, its performance under modern data 

conditions marked by high dimensionality, class imbalance, and deviations from normality has 

become increasingly uncertain (Kotsiantis et al. 2006). Traditional MDA techniques depend 
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on strong assumptions such as multivariate normality and equal covariance structures across 

groups; when these assumptions are violated, classification accuracy often deteriorates. Real-

world data rarely meet these idealized conditions, resulting in biased estimators and unstable 

decision boundaries. This shortcoming is especially evident in high-dimensional datasets and 

noisy data environments where model robustness is critical for dependable prediction and 

inference. 

Despite the theoretical importance of MDA, existing empirical applications rarely examine its 

resilience across diverse data structures. While simulation techniques such as Monte Carlo 

experiments have been proposed to assess model stability, few studies have systematically 

combined simulation-based evaluation with empirical testing to provide a holistic view of 

model performance. Furthermore, although machine learning algorithms like random forests 

and support vector machines often outperform classical MDA in predictive accuracy, they 

typically sacrifice interpretability—an essential feature in domains where decisions carry 

ethical, legal, or health implications. This study, therefore seeks to fill these gaps by employing 

a dual methodological framework that integrates empirical datasets and Monte Carlo 

simulations to assess the predictive efficiency, robustness, and interpretability of MDA 

methods under varied data conditions. However, the study does not exhaustively cover all 

machine learning classifiers; rather, it selectively compares those that are widely recognized 

for predictive performance.  

Multivariate Discriminant Analysis (MDA) has long served as a cornerstone of classification 

problems in statistics, particularly in contexts requiring the separation of groups based on 

observed predictors. Rooted in the pioneering work of Fisher in 1936, discriminant analysis 

provides a statistical rule that maximizes between-group variance relative to within-group 

variance, making it effective for problems where decision-making hinges on identifying 

categorical differences. Over the years, MDA has evolved into more robust variants capable of 

handling violations of normality, heteroscedasticity, and outlier contamination (Hubert & Van 

Driessen, 2004). 

Multivariate Discriminant Analysis (MDA) has been extensively employed across diverse 

fields, ranging from medicine and finance to social sciences and agriculture. One of the primary 

appeals of MDA is its ability to handle multiple predictors simultaneously while producing 

interpretable classification rules. In the medical domain, MDA has been widely used to develop 

diagnostic and prognostic models. For instance, Zuo et al. (2014) applied LDA to classify 

breast cancer tumours based on histopathological and clinical features. The results 

demonstrated high classification accuracy and interpretability, reinforcing LDA’s value in 

clinical decision-making.  

Tang et al. (2005) compared LDA, logistic regression, decision trees, and neural networks in 

predicting credit card default. While neural networks achieved the highest accuracy, LDA 

provided the most interpretable results and performed comparably well with fewer predictors. 

Similarly, Ahmadi and Jafarzadeh (2021) evaluated LDA and QDA against ensemble methods 

like random forests and gradient boosting machines (GBMs) in classifying agricultural crop 

yields. While GBMs slightly outperformed in predictive accuracy, LDA exhibited lower 
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variance and was easier to implement and explain to domain experts. A consistent finding in 

comparative studies is that LDA and QDA perform best when their assumptions are 

approximately met. When data are high-dimensional, nonlinear, or non-normal, modern 

machine learning techniques may be superior. However, MDA remains a strong candidate in 

applied research where interpretability, simplicity, and statistical rigor are valued. 

In classification research, synthetic data can be used to augment training datasets or simulate 

conditions not present in the original data. For example, Gonçalves et al. (2020) used synthetic 

minority over-sampling techniques (SMOTE) to balance class distributions in imbalanced 

classification tasks. By generating synthetic observations of the minority class, the discriminant 

function was better trained to recognize rare events—an important consideration in fraud 

detection or rare disease diagnosis. Another innovative application is the semi-empirical 

simulation approach, where empirical data guide the parameters of synthetic data generation. 

For instance, Lopes et al. (2019) used real demographic data to estimate distributions, which 

were then used to simulate additional samples. The augmented data was employed in an LDA 

model to classify regional health risk profiles, resulting in improved generalizability and 

stability. Hybrid methods also facilitate stress testing of models—exploring how classification 

accuracy changes under extreme scenarios, such as increased multicollinearity, non-normality, 

or missing data. These hybrid designs offer a pragmatic way to combine the strengths of 

empirical realism with the experimental control of simulations.  

The reviewed literature highlights the centrality of classification and efficient classification 

solutions across diverse fields including medicine, finance, and social sciences. Furthermore, 

most studies tend to emphasize either empirical applications or simulation-based performance 

tests, with very few adopting a dual approach that integrates both empirical and Monte Carlo 

simulation frameworks. This leaves a gap in understanding how discriminant analysis 

techniques perform in controlled experimental scenarios compared to practical real-world 

settings through both empirical datasets and Monte Carlo simulations.  

2. Methodology 

This study adopted a quantitative, quasi-experimental research design integrating empirical 

data analysis and Monte Carlo simulations to evaluate the performance, robustness, and 

interpretability of Multivariate Discriminant Analysis (MDA) methods. Empirical analysis 

employed Linear Discriminant Analysis (LDA) and Quadratic Discriminant Analysis (QDA) 

on two real-world secondary health datasets: the Childhood Anaemia Dataset from the Nigeria 

Demographic and Health Survey (NDHS) consisting of 5,200 anonymized records and the 

Heart Disease Health Indicators Dataset from a publicly available dataset from the United State 

Centres for Disease Control and Prevention (CDC), consisting of 319,795 individual records. 

For computational tractability and class balance, a stratified random sample of 10,000 records 

was extracted for model estimation and testing.  

Samples were pre-processed to handle missing values, standardized, and split into training 

(70%) and testing (30%) subsets. The simulation phase generated 1,000 synthetic datasets 

under varying conditions of dimensionality, class imbalance, covariance heterogeneity, and 

outlier contamination to assess model stability, sensitivity to assumption violations, and 
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generalizability. Robust and regularized MDA variants were implemented using Python 

libraries (scikit-learn, pyRDA, pyod, numpy). Model performance was evaluated using 

accuracy, precision, recall, F1-score, Receiver Operating Characteristics (ROC) curves, and 

Area Under Curve (AUC), with empirical validation via 10-fold cross-validation and 

simulation-based validation via bootstrap resampling (1,000 replicates). Outliers were detected 

using Mahalanobis distance, and classification rules assigned observations to classes with 

maximum discriminant scores. 

Linear Discriminant Analysis (LDA) 

LDA maximises the ratio of between-class variance to within-class variance. It assumes equal 

covariance matrices across groups. For a classification problem with two classes (say class 1 

and class 2), the linear discriminant score is given by: 

 𝛿𝑘(𝑥) = 𝑋𝑇∑−1𝜇𝑘 −
1

2
𝜇𝑘∑−1𝜇𝑘 + 𝑙𝑛(𝜋𝑘)      (1)  

where: 

 𝛿𝑘(𝑥): Discriminant score for class k 

 𝜇𝑘:Mean vector of class k 

 ∑: Pooled covariance matrix 

 𝜋𝑘: Prior probability of class k 

 x: Feature vector 

 

Pooled Covariance Matrix 

 ∑ =
1

𝑛−𝐾
∑ ∑(𝑥𝑘𝑖 − 𝜇𝑘𝑖)(𝑥𝑘𝑖 − 𝜇𝑘𝑖)

𝑇             (2) 

where: 

 k: Number of classes 

 𝜇𝑘: Number of observations in class k 

 n = ∑𝑛𝑘: Total number of observations 

 

Quadratic Discriminant Analysis (QDA) 

QDA relaxes the assumption of equal covariance matrices across classes. 

 𝛿𝑘(𝑥) =
1

2
𝑙𝑛|∑𝑘| −

1

2
(𝑥 − 𝜇𝑘)𝑇∑𝑘

−1(𝑥 − 𝜇𝑘) + 𝑙𝑛(𝜋𝑘)    (3) 

where: ∑𝑘: Covariance matrix of class k 

 

Classification Rule 

For both LDA and QDA, assign observation x to class k for which 𝛿𝑘(𝑥) is maximum: 

              𝑦̂ = arg 𝑚𝑎𝑥𝑘 𝛿𝑘(𝑥) 

 

Performance Metrics 

After classification, compute model evaluation metrics 

  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
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Confusion Matrix 

[
𝑻𝒓𝒖𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔 (𝑻𝑷) 𝑭𝒂𝒍𝒔𝒆 𝑷𝒐𝒔𝒊𝒕𝒊𝒗𝒆𝒔 (𝑭𝑷)

𝑭𝒂𝒍𝒔𝒆 𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆𝒔 (𝑭𝑵) 𝑻𝒓𝒖𝒆 𝑵𝒆𝒈𝒂𝒕𝒊𝒗𝒆𝒔 (𝑻𝑵)
] 

  

From this, we derive: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

𝑅𝑒𝑐𝑎𝑙𝑙 (𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦) =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =  
2. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛. 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

The Receiver Operating Curve (ROC) is a plot of True Positive Rate (TPR) vs False Positive 

Rate (FPR), where: 

  

AUC (Area Under Curve) is computed using trapezoidal approximation or software 

packages. 

Monte Carlo Simulation Procedure 

i. Generation of Simulated Datasets 

ii. For simulation studies, generate synthetic datasets: 

 𝑥𝑖~𝛮(𝜇𝑘, ∑𝑘)   for 𝑖 = 1, . . . . . . . . . . . , 𝑛𝑘 

where: 

𝜇𝑘,:  Mean vector for class 𝑘 

∑𝑘: Covariance matrix for class 𝑘 

iii. Specify parameters: class priors, means, covariances, and sample size. 

For b=1 to B (e.g., B=1000B = 1000): 

iv. Fit LDA and QDA 

Compute accuracy, AUC, confusion matrix, Aggregate results across iterations: 

Mean and variance of metrics. To test if the mean accuracy differs significantly: 
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         𝑡 =
𝑑̅

𝑠𝑑 √𝑛⁄
 

where 𝑑̅ = means of paired differences 

A two-pronged validation approach was adopted: Empirical Validation involves k-fold cross-

validation (typically k = 10) on empirical datasets, and train/test split validation for baseline 

performance comparison. For the simulation-based validation, a Monte Carlo simulation tested 

model performance across varying parameter configurations while bootstrap resampling (with 

1000 replicates) was used to estimate confidence intervals. This approach allows for direct 

comparison of performance under known theoretical distributions and unknown empirical 

distributions, enhancing generalizability and reliability. 

Mahalanobis Distance for Outlier Detection 

For vector x and the class mean 𝜇𝑘: 

𝐷𝑀(𝒙) = √(𝒙 − 𝝁𝒌)𝑇Σ−1(𝒙 − 𝝁𝒌)        (4) 

Outliers are identified when DM(x) exceeds a critical chi-square threshold. 

Model Development Framework 

Linear Discriminant Analysis (LDA): Assumes equal class covariances and multivariate 

normality. Quadratic Discriminant Analysis (QDA): Relaxes the equal covariance assumption 

Results and Discussion 

Classical Multivariate Discriminant Analysis techniques on empirical datasets 

The performance of the classical Multivariate Discriminant Analyses (MDA) techniques 

(LDA and QDA) on empirical datasets are shown in Table 1 below. 

Table 1: Classification Performance of LDA and QDA 

Metric LDA QDA 

Accuracy 0.5111 0.5333 

Precision (Class 0) 0.54 0.56 

Precision (Class 1) 0.44 0.48 

Recall (Class 0) 0.71 0.67 

Recall (Class 1) 0.27 0.37 

F1-score (Class 1) 0.33 0.42 

The results in Table 1 indicate that QDA slightly outperformed LDA in overall accuracy and 

sensitivity to anaemic cases. However, both models showed poor recall values for Class 1 

(anaemic children), indicating difficulty in detecting the minority class. The confusion matrix 
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analysis revealed that LDA correctly classified 35 non-anaemic cases and 11 anaemic cases, 

while QDA correctly classified 33 non-anaemic cases and 15 anaemic cases. ROC curve 

analysis showed: 

• LDA AUC = 0.55 

• QDA AUC = 0.58 

These results indicate weak discriminative ability of classical MDA models on empirical 

health datasets with assumption violations. 

 

 
Figure 1: ROC Curves for LDA and QDA Models 

An AUC score near 0.5 indicates that LDA and QDA perform only slightly better than random 

guessing, reflecting limited discriminative ability. This may result from violations of normality, 

unequal class priors, heteroskedasticity, and the presence of categorical predictors, as 

confirmed by Shapiro-Wilk and Levene’s tests in (Duda et al., 2001; Rencher & Christensen, 

2012). While QDA relaxes the homoscedasticity assumption, its slight improvement over LDA 

suggests that non-normality and class imbalance are key limiting factors (Izenman, 2008; 

James et al., 2021). Both models achieved approximately 50% accuracy, with poor recall for 

the anaemic class, highlighting their inadequacy in clinical datasets where high sensitivity is 

critical. 

Effective robust estimation procedures within the MDA framework under 

contaminated datasets 

The performance of classical LDA was compared with Robust MDA based on the Minimum 

Covariance Determinant estimator. 
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Table 2: Performance Comparison of Classical LDA and Robust MDA 

Metric Classical LDA Robust MDA 

Accuracy 86.87% 78.79% 

Precision (Class 0) 0.89 0.76 

Recall (Class 0) 0.84 0.84 

Precision (Class 1) 0.85 0.82 

Recall (Class 1) 0.90 0.73 

From the results in Table 2, Classical LDA yields a higher overall accuracy and balanced F1-

scores between the two classes (0.87 for both). However, these figures may be inflated by 

sensitivity to influential points and the presence of regular structure in the training data. In 

contrast, Robust MDA demonstrates slightly reduced accuracy (78.8%), but provides greater 

stability under contamination, particularly in the face of irregular class boundaries or masked 

outliers. Its performance is notable given that it uses only a robust subset of the data for 

estimating location and covariance, which inherently limits the influence of extreme values. 

Table 3: Confusion Matrices 

Method Actual \ Predicted 0 1 

Classical LDA 

Confusion Matrix 

0 42 8 

1 5 44 

Robust MDA (MCD-

based) Confusion 

Matrix 

0 42 8 

1 13 36 

Robust MDA trades slight predictive accuracy for model stability, offering better resilience 

under violations of the classical assumptions. Recall for Class 1 drops from 90% in LDA to 

73% in Robust MDA, indicating that while robustness improves outlier resistance, it may 

exclude informative but extreme cases, leading to false negatives. Precision for Class 1 slightly 

improves in Robust MDA, suggesting reduced misclassification of negative cases as positives, 

a valuable feature in scenarios where false positives are costly. 
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Figure 2: Visual Comparison of Classical and Robust MDA Using Boxplots and ROC 

Curves 

Visualizations of the accuracy and interpretability trade-offs illustrate the contrast between 

models. Bar plots comparing accuracy across methods, annotated with interpretability labels, 

clearly show that classical LDA offers high accuracy with high interpretability, whereas robust 

MDA offers moderate interpretability with slightly lower accuracy. These plots underscore a 

critical theme in statistical learning: the accuracy-robustness trade-off. In applications 

involving medical diagnostics or financial fraud detection, such robustness may be preferable 

over marginal gains in raw accuracy, especially under shifting data environments. 

 

The Performance of LDA and QDA under different simulated statistical conditions. 

Table 4: Simulation Scenarios Explained 

Scenario Description 

('normal', 'homogeneous', False) 
MVN data with same covariance matrix for 

both classes 

('normal', 'heterogeneous', False) 
MVN data with different covariance 

matrices 

('t', 'homogeneous', False) 
Heavy-tailed (non-normal) data with equal 

covariances 

('t', 'heterogeneous', True) 
Worst-case: heavy-tailed, unequal 

covariances, and class imbalance 

Table 5: Classification Report for LDA Model 

Class Precision Recall F1-Score Support 

0 0.98 0.84 0.91 64 

1 0.91 0.99 0.95 107 

Accuracy – – 0.94 171 

Macro Avg 0.95 0.92 0.93 171 

Weighted Avg 0.94 0.94 0.93 171 

Table 6: Quadratic Discriminant Analysis (QDA) 

Class Precision Recall F1-Score Support 

0 0.91 0.95 0.93 64 

1 0.97 0.94 0.96 107 

Accuracy – – 0.95 171 

Macro Avg 0.94 0.95 0.94 171 

Weighted Avg 0.95 0.95 0.95 171 
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Table 7: Accuracy Comparison of LDA and QDA Models 

Model Accuracy 

Linear Discriminant Analysis (LDA) 0.9357 

Quadratic Discriminant Analysis (QDA) 0.9474 

The Monte Carlo simulation generated results for four scenarios reflecting different real-world 

data complexities: Case A (Normal Homogeneous Balanced) with multivariate normal 

distribution, equal covariance matrices, and balanced classes; Case B (Normal Heterogeneous 

Balanced) with multivariate normal distribution, unequal covariances, balanced classes; Case 

C (T-Homogeneous Balanced) with multivariate t-distribution, equal covariances, balanced 

classes; and Case D (T-Heterogeneous Imbalanced) with multivariate t-distribution, unequal 

covariances, and imbalanced classes. The simulation aimed to evaluate the performance of 

Linear Discriminant Analysis (LDA) and Quadratic Discriminant Analysis (QDA) in 

distinguishing between two classes (class 0 and class 1) under varying statistical assumptions. 

A total of 171 test samples were used, comprising 64 in class 0 and 107 in class 1, with model 

performance assessed using standard classification metrics including accuracy, precision, 

recall, and F1-score. 

The classification results indicate that LDA achieved an overall accuracy of 94%, with 

exceptional precision for class 0 (0.98) but lower recall (0.84), suggesting more false negatives 

for this class. Class 1 showed balanced performance with precision of 0.91 and near-perfect 

recall of 0.99. The macro and weighted F1-scores were both 0.93, indicating robust 

performance across classes despite moderate class imbalance. These findings highlight LDA’s 

strength in precision for the minority class but its limitations in recall, emphasizing the need 

for careful evaluation in contexts sensitive to false negatives. 

QDA demonstrated improved performance, achieving slightly higher overall accuracy 

(94.74%) and more balanced metrics for both classes. Class 0 precision and recall were 0.91 

and 0.95, respectively, while class 1 achieved precision of 0.97 and recall of 0.94. This 

improvement is attributed to QDA’s flexibility in modelling class-specific covariance matrices 

and nonlinear decision boundaries, making it more suitable when the assumption of equal 

covariances is violated. Comparative analysis reinforces that QDA can outperform LDA in 

heterogeneous settings, particularly when optimizing the trade-off between precision and recall 

is critical, as in risk-sensitive applications. 

The findings of this study provide empirical insights into the effectiveness of classical and 

robust discriminant analysis techniques under both real-world and simulated conditions. 

The results indicate that classical multivariate discriminant analysis (MDA) techniques 

performed inadequately on the Nigerian Childhood Anaemia dataset. Low classification 

accuracy and area under the curve (AUC) values suggest that violations of key assumptions, 

such as non-normality and unequal covariance matrices, substantially undermine model 
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performance. These observations are consistent with previous studies highlighting the 

sensitivity of classical discriminant methods to such assumption violations (James et al., 2021; 

Izenman, 2008). Furthermore, the poor recall observed for the anaemic class demonstrates a 

bias toward the majority class, corroborating earlier findings that class imbalance significantly 

limits classification performance (Kotsiantis et al., 2006). 

The Robust MDA techniques exhibited improved stability when applied to datasets containing 

outliers. Although classical LDA occasionally achieved higher overall accuracy, robust MDA 

provided more reliable classification in the presence of extreme values, confirming prior 

evidence that robust estimators mitigate the influence of anomalous observations (Hubert et 

al., 2018). 

Again, model performance was strongly influenced by data distribution characteristics. LDA 

yielded optimal results under homogeneous covariance structures, while QDA outperformed 

LDA when covariance matrices were unequal. This aligns with the findings of Rencher and 

Christensen (2012), who emphasized the flexibility of QDA in handling heterogeneous 

covariance conditions. Monte Carlo simulations further demonstrated that both models 

performed poorly under conditions of class imbalance and heavy-tailed distributions, 

underscoring the necessity of validating model assumptions prior to implementation. 

Conclusion 

This study evaluated the performance of classical and robust Multivariate Discriminant 

Analysis (MDA) techniques using both empirical and simulated datasets. The findings indicate 

that classical discriminant models, such as LDA and QDA, perform well under ideal statistical 

conditions but are less effective when key assumptions—such as normality, homoscedasticity, 

and class balance—are violated. Empirical analysis of the Nigerian Childhood Anaemia dataset 

showed that both models produced low classification accuracy and poor sensitivity, particularly 

for the minority class, highlighting the limitations of classical MDA in real-world settings. 

The study further demonstrated that robust estimation procedures enhance model stability in 

the presence of outliers and contaminated observations, though sometimes at the cost of overall 

classification accuracy. Monte Carlo simulations confirmed that LDA performs optimally 

under homogeneous covariance structures, whereas QDA is better suited to heterogeneous 

covariance conditions. Overall, the study concludes that applying discriminant analysis 

techniques requires careful consideration of data distribution characteristics and the validity of 

assumptions to ensure reliable and accurate classification outcomes. 

This study recommends that Quadratic Discriminant Analysis (QDA) be preferred when 

covariance matrices differ across groups, and robust Multivariate Discriminant Analysis be 

used when datasets contain outliers or contaminated observations. 
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