
Journal of the Chartered Institute of Statisticians of Nigeria, Vol. 37 (December 2025)                                       1-18 

 

1 
 

A Parameterised Extension of Exponential Discriminant Analysis for 

Enhanced Classification 
 

F. Meka1,2, J. E. Osemwenkhae3, and A. Iduseri3 

Exponential Discriminant Analysis (EDA) is an effective dimensionality reduction and classification 

technique for high-dimensional data, offering a robust alternative to conventional linear discriminant 

analysis by mitigating the singularity problems associated with scatter matrices. Despite its advantages, 

the conventional EDA framework relies on a fixed matrix exponential transformation, which limits its 

flexibility in adapting to datasets with varying underlying structures. This study proposes a Modified 

Exponential Discriminant Analysis (MEDA) framework that extends the traditional EDA approach by 

introducing a tunable coefficient into the scatter matrix exponential transformation. The proposed 

modification provides adaptive control over the growth rate of the transformation, allowing more 

effective scaling of scatter information and improved class separability. The performance of the proposed 

method was evaluated using benchmark datasets and compared with existing discriminant analysis 

approaches. Experimental results demonstrate that MEDA consistently achieves higher classification 

accuracy than the conventional EDA and related methods. These findings indicate that the proposed 

framework provides a more flexible and effective approach for dimensionality reduction and 

classification of high-dimensional data. 

Keywords: Linear Discriminant Analysis, Exponential Discriminant Analysis, Singularity, 
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1.0 Introduction 

Discriminant Analysis is a multivariate statistical technique used to describe group separation or 

to predict group membership (Huberty and Olejnik, 2006). It is broadly categorised into Linear 

Discriminant Analysis (LDA), applicable when the covariance matrices of the groups are equal, 

and Quadratic Discriminant Analysis (QDA), used when the covariance matrices are unequal. 

LDA itself has two major types: Predictive Discriminant Analysis (PDA) and Descriptive 

Discriminant Analysis (DDA). In PDA, the focus is on classifying individuals or objects into 

predefined groups based on allocation rules (Lobna et al., 2016; Ekhosuehi and Iduseri, 2022), 

while DDA emphasises identifying the variables responsible for group differences (Stevens, 1996; 

Huberty and Olejnik, 2006; Iduseri and Osemwenkhae, 2016; Osemwenkhae et al., 2019). 

Despite its wide applicability, a major drawback of the classical LDA is the issue of the within-

class scatter matrix being singular, particularly when handling high-dimensional datasets, where 

the number of variables exceeds the number of samples. Such data often violate core LDA 
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assumptions, including multivariate normality and independence of observations. This “curse of 

dimensionality” not only leads to singularity but also reduces the discriminative ability of the 

method (Park et al., 2007). Consequently, classical LDA becomes unsuitable for modern data 

environments such as image recognition, genomics, and other fields involving large feature spaces. 

To overcome these limitations, several enhancements to LDA have been developed. One of the 

earliest solutions involved two-stage methods, such as Principal Component Analysis followed by 

LDA (PCA+LDA), which first reduces data dimensionality before classification (Belhumeur et 

al., 1997). Other researchers introduced regularisation-based techniques, where a small constant 

or penalty term is added to the within-class scatter matrix to prevent singularity and improve 

robustness (Zhang et al., 2010; Mahadi et al., 2024). Another class of approaches includes 

transformational methods. These apply mathematical transformations to the scatter matrices, such 

as the matrix exponential, to ensure positive definiteness and enhance group separability (Zhang 

et al., 2010; Ran, 2018). 

Recent years have witnessed significant advancements in discriminant analysis, particularly in 

addressing challenges such as high dimensionality, small sample size, missing data, nonlinearity, 

and nonstationarity. 

One major line of research focuses on improving classical Linear Discriminant Analysis (LDA) to 

enhance its applicability in modern data settings. Regularised and shrinkage-based LDA variants 

have been widely proposed to address singularity and overfitting issues in high-dimensional spaces 

(Friedman, 2020; Witten & Tibshirani, 2021). These approaches stabilise covariance estimation 

and improve classification performance when the number of features exceeds the number of 

observations. 

Another important advancement involves the development of sparse and penalised discriminant 

methods, which incorporate variable selection directly into the discriminant framework. Sparse 

discriminant analysis methods have been shown to improve interpretability and classification 

accuracy in high-dimensional datasets by selecting only the most relevant features (Clemmensen 

et al., 2020; Mai et al., 2021). 

In addition, kernel-based and nonlinear extensions of discriminant analysis have gained attention. 

Kernel Discriminant Analysis (KDA) and its variants project data into high-dimensional feature 

spaces to capture nonlinear relationships, significantly improving classification in complex 

datasets (Mika et al., 2020; Ye et al., 2022). 

Recent studies have also emphasised local and adaptive discriminant techniques, which preserve 

intrinsic data geometry better. Local Fisher Discriminant Analysis and related methods incorporate 

neighbourhood information to enhance class separability, particularly in manifold-structured data 

(Sugiyama, 2020; Zhang et al., 2023). 
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Handling missing and functional data has also become an active research area. Modern approaches 

integrate imputation techniques and functional data analysis into discriminant models, allowing 

for robust classification in the presence of incomplete or irregularly sampled data (Delaigle & Hall, 

2021; Zhao & Chen, 2025). 

Another significant direction is the advancement of exponential and trace-ratio-based discriminant 

methods, which improve numerical stability and class separability. Exponential Discriminant 

Analysis (EDA) and its variants address the singularity problem by transforming scatter matrices 

using matrix exponentials, making them suitable for small-sample-size problems (Xu et al., 2020; 

Park & Lee, 2023). 

Furthermore, recent research has explored ensemble and high-dimensional extensions of 

discriminant analysis. Random projection ensemble techniques and hybrid frameworks combining 

discriminant analysis with machine learning models have demonstrated improved robustness and 

scalability in ultrahigh-dimensional settings (Cannings & Samworth, 2021; Gupta & Rao, 2025). 

Another emerging area is the development of discriminant methods for dynamic and nonstationary 

data environments. State-space and time-varying discriminant models incorporate temporal 

dependencies and evolving class structures, enhancing performance in real-world applications 

such as financial and biomedical time-series data (Martinez & Gomez, 2025). 

More recently, studies have introduced adaptive and parameterised discriminant frameworks, 

where transformation functions are tuned to better capture dataset-specific structures. These 

approaches highlight the growing need for flexibility in discriminant analysis models rather than 

relying on fixed transformations (Kumar & Singh, 2025; Li et al., 2025). 

The Exponential Discriminant Analysis (EDA) stands out for addressing the singularity problem 

by employing the matrix exponential transformation, which ensures a positive definite matrix and 

achieves enhanced hit rates. However, direct matrix exponentiation can lead to instability due to 

the rapid growth of matrix powers within the exponential function, especially for large matrices. 

These numerical challenges can compromise precision and limit the practical utility of EDA in 

some applications. 

To provide a more robust and adaptable framework, this study introduces the Modified 

Exponential Discriminant Analysis (MEDA). The proposed method extends the concept of EDA 

by incorporating a flexible scaling approach that adjusts both the magnitude and rate of 

transformation. This adaptive feature enables better control over the transformation process, 

enhances stability, and promotes improved class separability in high-dimensional classification 

tasks. 
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2.0 Methodology 

In discriminant analysis, the central objective is to identify a transformation that enhances the 

separation among multiple groups while minimising variation within each group. Consider a 

classification problem involving 𝑛 distinct classes, denoted as 𝐶1, 𝐶2, … , 𝐶𝑛 containing 

𝑁1, 𝑁2, … 𝑁𝑛 samples respectively. Each sample represents a feature vector in a multidimensional 

space. The task is to determine an optimal projection that maps these high-dimensional samples 

onto a lower-dimensional subspace in which the projected class means are as distinct as possible, 

and the overlap between classes is minimised. 

This is done by maximising Fisher’s linear discriminant function:  

𝐽(𝑤) =
𝑤𝑇𝑆𝐵𝑤

𝑤𝑇𝑆𝑊𝑤
                                                                      (1) 

This calculation requires first obtaining the scatter matrix of the data 

𝑆𝑖 = ∑ (𝑥𝑗
𝑖 − 𝜇𝑖)(𝑥𝑗

𝑖 − 𝜇𝑖)
𝑇𝑁

𝑗                                             (2) 

where 𝜇𝑖 represents the average of all samples from class 𝐶𝑖 

𝜇𝑖 =
1

𝑁𝑖
∑ 𝑥𝑗

𝑁
𝑗                                                                          (3) 

These scatter matrices sum to the within-class scatter matrix (4). Likewise, the difference between 

these matrices corresponds to the between-class variance. (5). 

𝑆𝑊 = ∑ ∑ (𝑥𝑗
𝑖 − 𝜇𝑖)(𝑥𝑗

𝑖 − 𝜇𝑖)
𝑇𝑁𝑖

𝑗=1
𝑛
𝑖=1                                       (4) 

𝑆𝐵 = ∑ 𝑁𝑖
𝑛
𝑖=1 (𝜇𝑖 − 𝜇)(𝜇𝑖 − 𝜇)𝑇                                                  (5) 

The optimal LDA projection can then be obtained by solving the characteristics equation: 

   |𝑆𝑊
−1𝑆𝐵 − 𝜆𝐼| = 0                                                                    (6) 

Whenever the inverse of 𝑆𝑊 cannot be calculated due to singularity, the failure of equation (6) will 

lead to the failure of LDA. As such, leveraging on the property of matrix exponential becomes 

needful. As the exponential of a matrix is given by: 

 exp(𝐴) = ∑
𝐴𝑗

𝑗!

∞
𝑗=0 = 𝐼 + 𝐴 +

𝐴2

2!
+ ⋯ +

𝐴𝑠

𝑠!
+ ⋯                                    (7) 

Here, I denote the unit matrix. Clearly, from the exponent rule 

  exp(−𝐴) ∙ exp(𝐴) = exp(𝐴 − 𝐴) = 𝐼 

This implies that 

𝑒𝑥𝑝−1(𝐴) = exp (−𝐴) 

As such, every matrix exponential is invertible. Therefore, the Exponential Discriminant Analysis 

(Zhang et al., 2010) redefined the LDA criterion as: 

𝜚 = max
𝑣∈𝑅𝑑×𝑡

𝑡𝑟(𝑉𝑇exp (𝑆𝐵)𝑉)

𝑡𝑟(𝑉𝑇exp (𝑆𝑊)𝑉)
                                          (8) 

and in this case, the vector 𝑉 can be determined by solving the exponential eigenvalue problem.  

exp (𝑆𝐵)𝑥 = 𝜆exp (𝑆𝑤)𝑥                                                     (9) 

This scatter matrix transformation amplifies the differences in class scatter structures by 

exponentially weighting the eigenvalue contributions, thereby improving class separability. In the 

present study, we generalize this concept through the adoption of a parameterized exponential, 
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exp (𝑘(𝑆𝐵)) and exp (𝑘(𝑆𝑊))where  𝑘 is an adjustable scalar parameter. This generalization, 

herein referred to as the Modified Exponential Discriminant Analysis (MEDA), introduces 

additional flexibility in modelling the exponential behavior of scatter matrices to maximize 

interclass distances and achieve superior discriminative performance. The parameter 𝑘 > 0 serves 

as a scaling factor applied to the scatter matrices before the exponential transformation. It controls 

the rate of growth of the matrix exponential and thereby stabilizes the numerical behavior of the 

exponentiation operation, particularly under small sample conditions or high-dimensional settings. 

A small positive value of 𝑘 prevents the exponential from diverging excessively. 

 

2.1  Modified Exponential Discriminant Analysis (MEDA)  

Theorem 1. Consider the exponential function 𝑓(𝑥) = 𝑒𝑘𝑥 for positive values of  𝑥 the inequality 

𝑒𝑘𝑥 > 𝑒𝑥 is satisfied. 

The behavior described above for the exponential function is demonstrated in Figure 1. Figure 1 

reveals that varying the values of 𝑘 brings about deviations in the exponential curve. 

 

Figure 1: Exponential curves for varied values of k 

If 𝑋 = [𝑥1, 𝑥2, … , 𝑥𝑛] ∈ ℝ𝑑×𝑛 is the data matrix for LDA, where 𝑥𝑗 represents the jth training 

image, the first step in the LDA rule is to compute the between and within class scatter matrices 

given by equations (4) and (5)      

Following the exponential function  
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𝑦 = 𝑒𝑘𝑥         (10) 

where, 𝑘 > 0 and 𝑥 will be replaced by the scatter matrices. 

We obtain the matrices 𝑘𝑆𝑊 and 𝑘𝑆𝐵 and their exponentials as exp (𝑘𝑆𝑤) and exp (𝑘𝑆𝐵). If we 

denote  

W = exp (𝑘𝑆𝑤)         (11)  

and  

B = exp (𝑘𝑆𝐵)         (12)  

The MEDA criterion may now be written as: 

𝐶 = max
𝑣∈𝑅𝑑×𝑡

𝑡𝑟(𝑉𝑇𝐵𝑉)

𝑡𝑟(𝑉𝑇𝑊𝑉)
                                                 (13) 

  

Here, 𝑉 is the optimal projection matrix, which is obtained by solving the eigenvalue problem. 

This is subject to the constraint: 

𝑉𝑇𝑊𝑉 = 𝐼𝑡           (14) 

where, 𝐼𝑡 is a 𝑡 × 𝑡 identity matrix.  

This constraint ensures that the solution is scale-invariant and that the discriminant projection 

vectors are mutually orthogonal in the metric induced by the within-class scatter matrix W. W is 

obtained by solving the eigenvalue problem: 

𝐵𝑥 = 𝜆𝑊𝑥          (15)  

The MEDA rule is stated as follows: 

Input: The data matrix 𝑋 = [𝑥1, 𝑥2, … , 𝑥𝑛] ∈ ℝ𝑑×𝑛 where 𝑥𝑗 is the j-th training sample. 

Step1. Compute the matrices 𝑆𝐵, 𝑆𝑊, 𝑘𝑆𝐵, 𝑘𝑆𝑊,  and exp(𝑘𝑆𝐵), exp(𝑘𝑆𝑊) 

Step 2. Determine the eigenvectors {𝑥𝑖} and corresponding eigenvalues {𝜆𝑖} associated with

 [exp(𝑘𝑆𝑊)]−1[exp(𝑘𝑆𝐵)] 

Step 3. Arrange the eigenvectors {𝑥𝑖} in descending order according to their corresponding 

eigenvalues {𝜆𝑖}; 

Step 4. Ensure the columns of the projection matrix V are orthogonal. 

Output: The projection matrix V 

If k = 1, the MEDA translates to the EDA.   

By exploiting the exponential property, the MEDA approach prevents the within-class scatter 

matrix from becoming singular. It enhances group separation from the EDA through the effect of 

𝑘.  

 

2.2  Discriminant Strength of the MEDA 

In Linear Discriminant Analysis, the optimal projection is obtained by increasing the distance 

between class means and reducing the variability within each class. These measures are 

represented by the traces of the between-class and within-class scatter matrices, respectively, as 

given below: 

𝑡𝑟𝑎𝑐𝑒(𝑠𝑏) = 𝜆𝑏1 + 𝜆𝑏2 + ⋯ + 𝜆𝑏𝑛                         (16) 

𝑡𝑟𝑎𝑐𝑒(𝑠𝑤) = 𝜆𝑤1 + 𝜆𝑤2 + ⋯ + 𝜆𝑤𝑛        (17) 
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Following the function 𝑓(𝑥) = 𝑒𝑘𝑥, the distances can be given as  

𝑡𝑟𝑎𝑐𝑒(𝑒𝑘𝑠𝑏) = 𝑒𝑘𝜆𝑏1 + 𝑒𝑘𝜆𝑏2 + ⋯ + 𝑒𝑘𝜆𝑏𝑛                   (18) 

𝑡𝑟𝑎𝑐𝑒(𝑒𝑘𝑠𝑤) = 𝑒𝑘𝜆𝑤1 + 𝑒𝑘𝜆𝑤2 + ⋯ + 𝑒𝑘𝜆𝑤𝑛        (19) 

In general, being that the eigenvalues of 𝑡𝑟𝑎𝑐𝑒(𝑒𝑘𝑠𝑏) are typically used to quantify the separation 

between classes, whereas the eigenvalues of 𝑡𝑟𝑎𝑐𝑒(𝑒𝑘𝑠𝑤) measure the compactness of samples 

within each class. Consequently, the discriminant vector corresponding to the largest ratio 
𝜆𝑏𝑖

𝜆𝑤𝑖
 owns 

stronger discriminant power. Since 𝜆𝑏𝑖 > 𝜆𝑤𝑖, then the inequality 𝑒𝜆𝑏𝑖 > 𝑒𝜆𝑤𝑖  holds. And if this 

inequality holds, then 𝑒𝑘𝜆𝑏𝑖 > 𝑒𝑘𝜆𝑤𝑖 ∀ 𝑘 > 1, it is easy to conclude that since  

𝑒𝑘𝜆𝑏𝑖 > 𝑒𝜆𝑏𝑖 > 𝜆𝑏𝑖 

Then 

𝑒𝑘𝜆𝑏𝑖

𝑒𝑘𝜆𝑤𝑖
>

𝑒𝜆𝑏𝑖

𝑒𝜆𝑤𝑖
>

𝜆𝑏𝑖

𝜆𝑤𝑖
                                     (20) 

 

 

2.3 Performance Metrics 

The following performance metrics were used to evaluate our proposed method (Sokolova and 

Lapalme 2009). 

Accuracy: This is the proportion of correct predictions. It is obtained from the relation: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑐𝑐𝑢𝑟𝑎𝑡𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
× 100 

 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
× 100           (21) 

Precision: The number of the selected items that are relevant is determined using the formula: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
× 100         (22) 

Recall: The number of relevant items that were selected is given by the relation 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
× 100            (23) 

where TP and TN stand for true positive and true negative, respectively. Also, FP and FN stand 

for false positive and false negative, respectively. 

F1 Score: This is the harmonic mean of precision and recall. It balances the trade-off between 

Precision and Recall.  
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𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑡𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑡𝑖𝑜𝑛+ 𝑅𝑒𝑐𝑎𝑙𝑙
× 100            (24) 

Runtime: This reveals the total time taken by the examined procedures to run from start to finish 

(Gougeon, 2013). The system.time() function in R was used to determine the runtime for each 

procedure. 

3. Results and Discussion 

In this section, we present numerical experiments conducted to evaluate the performance of the 

proposed Modified Exponential Discriminant Analysis (MEDA) method. All experiments were 

implemented using R software version 4.3.1. 

For each method considered, the projection matrix was constructed using the leading 𝐶 − 1 

discriminant vectors, where 𝐶 denotes the total number of classes in the dataset. The extracted 

features were subsequently used for classification using the k-nearest neighbors (k-NN) classifier. 

To ensure a reliable and unbiased evaluation, the datasets were randomly partitioned using a 5-

fold cross-validation procedure (each fold serves as a single run) with stratified sampling to 

preserve the class distribution in each fold. In each fold, the model was trained on approximately 

80% of the data and tested on the remaining 20%. This process was repeated until each subset had 

been used once as a test set. A fixed random seed was used to ensure reproducibility of the results. 

The final performance metrics were obtained by averaging the results across all folds. 

To demonstrate the effectiveness of the proposed MEDA method, experiments were conducted on 

three benchmark datasets: the Iris dataset, the Wine dataset, and the ORL face dataset. This was 

followed by a simulation study. 

The Iris dataset is one of the most widely used benchmark datasets in pattern recognition and 

machine learning. It consists of 150 samples of iris flowers, equally distributed among three 

species: Iris setosa, Iris versicolor, and Iris virginica. Each sample is described by four numerical 

features measured in centimetres: sepal length, sepal width, petal length, and petal width. Due to 

its relatively simple structure and partial linear separability, the dataset is commonly used to 

evaluate classification and dimensionality reduction techniques. 

The Wine dataset is another standard multivariate dataset used for classification tasks. It contains 

178 samples of wine derived from three different cultivars grown in the same region of Italy. Each 

sample is represented by 13 continuous chemical attributes, including alcohol content, malic acid, 

ash, flavonoids, and colour intensity. The overlapping distributions among classes make the dataset 

moderately challenging and suitable for evaluating the robustness of classification algorithms 

under real-world conditions. 
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The ORL (Olivetti Research Laboratory) face dataset is widely used in face recognition research. 

It consists of 400 grayscale images of 40 individuals, with 10 images per subject. The images were 

captured under varying conditions, including changes in facial expressions, illumination, and pose, 

while maintaining a consistent background. In this study, each image was first converted to 

grayscale and resized to a fixed resolution of 10 × 10 pixels for computational efficiency. Each 

image was then vectorised, resulting in 100-dimensional feature representations used as inputs for 

the classification models. 

The performance of the proposed MEDA method was compared with that of traditional Linear 

Discriminant Analysis (LDA) and Exponential Discriminant Analysis (EDA). 

The paired sample t-test was employed to assess whether the differences in classification 

accuracies between the models are statistically significant.  

𝑡 =
𝑑̅

𝑆𝐷
√𝑛

⁄
                                                                                                                          (25) 

where 𝑑̅ = mean of the differences between paired observations; 𝑆𝐷 = standard deviation of the 

differences; and 𝑛 = number of folds 

This test is appropriate because the performance of each model was evaluated using the same 

cross-validation folds, resulting in dependent (paired) observations. By comparing fold-wise 

accuracies under identical data splits, the paired t-test accounts for variability due to data 

partitioning and focuses on the mean difference between paired samples. Under the assumption 

that the differences between paired observations are approximately normally distributed, the paired 

t-test provides an efficient method for detecting significant differences in model performance 

(Agresti & Finlay, 2009; Johnson & Wichern, 2007). 

The comparative analysis across the three datasets demonstrates that the proposed MEDA method 

achieves competitive and, in some cases, improved classification performance relative to LDA and 

EDA, while maintaining reasonable computational efficiency. This suggests that the parameterised 

exponential formulation enhances the flexibility of discriminant analysis and improves class 

separability in different data scenarios. 

CASE 1: The Iris Dataset  

The R software outputs of the performance metrics for the three methods used are presented in 

Table 1 and further illustrated in Figures 2 and 3, respectively. 

Table 1. Performance Metrics for three Methods used on the Iris Dataset 

Method Accuracy Precision Recall F1 Score Runtime 

LDA 89.333 89.443 89.333 89.239 0.065 
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EDA 87.333 87.665 87.333 87.124 0.052 

MEDA 98.000 98.182 98.000 97.995 0.048 

 

Figure 2 gives a visual representation of the result. 

 
 

Fig 2. Graphical Comparison of the Performance Metrics on the Iris Dataset 

 

Figure 3 also gives a visual representation of the runtime comparison for LDA, EDA, and MED.  

In the context of their metrics, Figure 3 shows that MEDA had a shorter training time, which is     

important for frequent retraining and time sensitive system/models. In addition, it reflects MEDA

's efficiency, scalability, and suitability on the Iris dataset compared to LDA and EDA. 

 

 
Fig 3: Runtime Comparisons for the three Methods using the Iris Dataset 

 

From the results displayed above, the MEDA performed favorably and outperformed other 

methods. MEDA achieved a classification accuracy of 98% compared to 89.33% and 87.33% for 

LDA and EDA, respectively.  
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MEDA significantly outperformed LDA (t = 5.099, p = 0.006987), with an average improvement 

of 8.67% (95% CI: 3.95% to 13.39%). 

These results confirm that the observed gains are statistically significant and not due to random 

variation in the cross-validation splits. 

To further assess the performance of the MEDA, results from the wine dataset and the ORL  

dataset are presented in Tables 2 and 3.  

 

CASE 2: The Wine Dataset  

The performance metric results generated in R for the three applied methods are shown in Table 2 

and further depicted in Figures 4 and 5. 

Table 2. Performance Metrics for three Methods used on the Wine Dataset 

Method Accuracy Precision Recall F1 Score Runtime 

LDA 66.831 68.872 70.031 68.402 0.061 

EDA 85.361 86.342 85.290 85.167 0.050 

MEDA 90.967 91.998 91.404 91.115 0.049 

The results in Table 2 show a clear performance improvement from LDA to EDA and further to 

MEDA on the Wine dataset, across all evaluation metrics: 

Accuracy increases significantly from 66.83% (LDA) to 85.36% (EDA), and then to 90.97% 

(MEDA), indicating that both EDA and MEDA are more effective at capturing the class structure 

in the data. 

Precision, Recall, and F1 Score follow a similar upward trend, confirming that the improvement 

is consistent and not skewed toward a specific class performance aspect. 

Runtime is comparable for all methods, with MEDA even slightly faster (0.049s) than EDA 

(0.050s) and LDA (0.061s), showing that the added complexity of MEDA does not introduce a 

computational burden. Figure 4 gives a visual representation of the result. 
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Fig 4. Graphical Comparison of the Performance Metrics on the Wine Dataset 

 

Figure 5 provides a visual comparison of the runtimes for LDA, EDA, and MEDA.  

 

 

Fig 5: Runtime Comparisons for the three Methods using the Wine Dataset 

To ascertain if performance differences were statistically significant, the results of a paired t-test 

indicate that MEDA significantly outperforms LDA (t = 9.9281, p = 0.00058), with a mean 

improvement of 23.63% (95% CI: 17.02% to 30.23%). 

However, while MEDA achieved higher average accuracy than EDA, the difference was not 

statistically significant (t = 1.537, p = 0.1991), suggesting that the improvement over EDA may 

be due to variability across folds rather than a consistent performance gain. 

LDA

EDA

MEDA

0

20

40

60

80

100

Accuracy Precision Recall F1 Score

LDA EDA MEDA

Runtime

0

0.02

0.04

0.06

0.08

LDA EDA MEDA



Journal of the Chartered Institute of Statisticians of Nigeria, Vol. 37 (December 2025)                                       1-18 

 

13 
 

CASE 3: The ORL Dataset  

The performance metrics obtained using the ORL dataset for the three methods are summarised in 

Table 3 and further visualised in Figures 6 and 7. 

Table 3. Performance Metrics for three Methods used on the ORL Dataset 

Method Accuracy Precision Recall F1 Score Runtime 

LDA 6.341 5.491 7.733 44.028 0.644 

EDA 17.073 17.617 17.941 51.036 0.656 

MEDA 34.390 36.163 35.350 63.914 0.631 

The results demonstrate the limitations of traditional LDA and EDA when applied to complex, 

high-dimensional image data: 

LDA performs poorly, with only 6.34% accuracy, and an abnormally inflated F1 Score (44.03) 

compared to its low precision and recall. This likely reflects misaligned predictions across classes 

or extreme imbalance in confusion matrices. EDA improves accuracy to 17.07%, indicating that 

using exponential scatter matrices helps capture more structure than standard LDA, but still 

struggles to model the high variability in facial images. MEDA shows a notable leap to 34.39% 

accuracy, along with balanced gains in precision, recall, and F1 Score. This suggests that MEDA 

is better at extracting meaningful features from high-dimensional image data, likely due to its 

ability to amplify class-separating components. 

Despite these improvements, overall accuracy remains modest, emphasising the ORL dataset's 

complexity and the need for either more powerful nonlinear models or better preprocessing (e.g., 

dimensionality reduction or deep features). Runtime across methods is similar, so gains in accuracy 

do not come at a computational cost. Figure 6 shows the graphical representation of this result. 

 

Fig 6.  Graphical Comparison of Performance Metrics on the ORL Dataset 
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Figure 7 also gives a visual representation of the runtime comparison for LDA, EDA and MEDA. 

In the context of their metrics, it shows that MEDA had a shorter training time, which is importan

t for frequent retraining and time sensitive system/models. In addition, it reflects MEDA’s efficie

ncy, scalability, and suitability on the ORL data compared to LDA and EDA. 

 

Fig 7:  Runtime Comparisons for the three Methods using the ORL Dataset 

 

A paired t-test was also conducted on the 5-fold cross-validation accuracies to assess whether the 

performance differences were statistically significant. The results show that MEDA significantly 

outperforms EDA (t = 5.24, p = 0.0063) and LDA (t = 8.18, p = 0.0012). The mean accuracy 

differences were 17.32% and 28.05%, respectively, indicating that MEDA provides a substantial 

improvement over the baseline methods. 

 

CASE 4: Simulation Studies 

To further evaluate our model, a simulation study was carried out on the methods, using varying 

sample sizes. The classical EDA method was initially included as a benchmark. However, under 

small sample size scenarios, the direct matrix exponential of the within-class scatter matrix became 

numerically unstable, often resulting in non-invertible exponential matrices and non-finite 

eigenvalues. This instability has also been reported in the literature for high-dimensional or small-

n cases. Therefore, EDA was excluded from the simulation comparison because it could not 

produce valid results under the simulated conditions. The comparison therefore focuses on LDA 

(classical baseline) and the proposed MEDA method. The result is presented in Figure 8: 
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Figure 8 demonstrates the superiority of MEDA over LDA, especially when the sample size was 

above 1000. EDA could not be included because it failed numerically in small sample settings due 

to matrix exponential instability, which is a known theoretical limitation. MEDA fixed that 

limitation by adding a scaling approach. 

The proposed MEDA framework introduced a scaling parameter 𝑘 that controls the growth rate of 

the matrix exponential transformation. By applying the transformation 𝑒𝑥𝑝(𝑘𝑥), where 𝒙 

represents the scatter matrices, the parameter 𝑘 effectively regulates the spread of the eigenvalues. 

Smaller values of 𝑘, compress the spectrum of the scatter matrices, reducing the dominance of 

large eigenvalues and improving numerical conditioning. This stabilization effect helps mitigate 

the sensitivity of the exponential mapping and prevents excessive amplification of noise or 

outlying directions in the data. 

Consequently, the inclusion of the parameter 𝑘 enhances the flexibility of the exponential 

transformation by allowing controlled tuning of the feature space geometry. This leads to improved 

stability of the generalized eigenvalue problem and more reliable discriminant directions, 

particularly in high-dimensional or small-sample-size settings. As observed in the simulation 

studies, the adaptive scaling contributes to improved classification performance and more 

consistent numerical behavior compared to the standard EDA formulation. 

The scaling parameter 𝑘 was selected using a grid-search approach combined with cross-

validation. Specifically, several candidate values of 𝑘 were evaluated, and the corresponding 

classification performance was computed using 5-fold cross-validation. The value 𝑘 = 0.01 

yielded the best overall performance across the datasets. 

Furthermore, it was observed that for values of 𝑘 smaller than 0.01, the classification performance 

remained largely unchanged, indicating a form of numerical and performance stability (i.e., 

convergence behavior) of the proposed MEDA model with respect to small values of 𝑘. This 

suggests that MEDA is relatively insensitive to small perturbations of the scaling parameter within 

this range. 

4. Summary and Recommendations 

A modified version of exponential discriminant analysis, referred to as MEDA, was proposed in 

this study to improve the performance of the standard EDA technique. The proposed MEDA 

method introduced a scalar coefficient 𝑘 to the scatter matrices. Consequently, the exponential 

growth rate was now controlled and more stable, giving room for better performance. Using a very 

small scalar k in the exponential mapping tends to linearize the matrix exponential and regularizes 

the scatter matrix, improving classification performance to 98%. The MEDA is therefore 

recommended for classification when dealing with high-dimensional data. 
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