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Abstract: Health performance generally refers to the effectiveness and efficiency of individual or 
population health outcomes and behaviors. It comprises various aspects, such as physical health, 
specifically how well an individual manages disease and engages in preventive measures, as well as 
mental health. Non-communicable diseases affect individuals across diverse backgrounds and 
regions globally. Therefore, this study aimed to investigate the impact of Mahalanobis-Taguchi 
System (MTS) on health performance among academicians. Data were collected from health center 
that served all academic faculties at a local university, focusing on the years 2022 and 2023. To achieve 
the objective, a total of 17 parameters were considered. The robust Taguchi (RT) Method was used 
for classification, while the Taguchi (T) Method was used for optimization. In 2022, Mahalanobis 
distance for abnormal cases ranged between a minimum of 0.0130 and a maximum of 49.9425. For 
normal cases, the distance ranged between 0.0176 and 44.5121, with a total of 48 samples overlapping 
the threshold. In 2023, the distance ranged between 0.012843 and 36.986225 for abnormal cases. 
Meanwhile, for normal cases, the distance ranged between 0.002879 and 8.405225, with a total of 122 
samples overlapping the threshold. For both 2022 and 2023, the data for normal and abnormal cases 
showed a strong negative correlation, with values of -0.6161, -0.3636, -0.5921, and -0.6252, 
respectively. Regarding the degree of contribution, seven parameters, namely fasting plasma glucose, 
untreated systolic blood pressure, treated systolic blood pressure, pulse, body mass index (BMI), 
body fat, and waist circumference, showed a positive degree of contribution in 2022. In 2023, ten 
parameters, including random plasma glucose, fasting plasma glucose, untreated systolic blood 
pressure, treated systolic blood pressure, diastolic blood pressure, pulse, BMI, body fat, skeletal 
muscle, and waist circumference, showed a positive degree of contribution. Therefore, MTS is a 
valuable tool for evaluating health performance among academicians, offering robust classification 
and optimization capabilities. 
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847 
International Journal of Technology 16(3) 846-864 (2025)  

 

 

 

1. Introduction 

Noncommunicable Diseases (NCDs) affect people worldwide, spanning a variety of backgrounds 
and geographical locations. The common occurrence of NCDs in individuals, families, and 
communities causes serious health effects. In the twenty-first century, treating and controlling these 
diseases has become an essential development requirement. Globally, NCDs continue to be the 
leading cause of disease burden, accounting for 74% of all deaths (approximately 41 million) in 2019 
and 61% (approximately 31 million) in 2000. Among the most significant NCDs are diabetes, 
responsible for about 2.0 million deaths, and cardiovascular diseases, accounting for 17.9 million 
deaths (World Health Organization, 2021).  

The risk of dying from cancer, diabetes, cardiovascular diseases, and chronic respiratory diseases 
in the South-East Asia region, for those between the ages of 30 and 70, decreased from 23.4% in 2010 
to 21.6% in 2019, with a slightly higher decline in both males and females. However, the region is 
unlikely to meet the 2025 NCDs targets at the current rate of decline. In summary, four main risk 
factors contribute to NCDs, namely unhealthy diets, physical inactivity, hazardous alcohol use, and 
tobacco use. Diabetes and hypertension are becoming more common, with an estimated 1,444,528 
deaths and 2, 252,981 new cases of cancer in 2020. Moreover, age-standardized incidence and 
mortality rates are highest for breast and cervical cancers (World Health Organization, 2023).  

According to the 2019 Morbidity Survey 2019, approximately 50% of Malaysians were afflicted 
with at least one NCD, including conditions like hypertension, diabetes, and elevated cholesterol. 
Malaysia has the highest rate of diabetes prevalence in Southeast Asia, with a sharp rise from 11.2% 
in 2011 to 18.3% in 2019. In the nation, one in two adults is overweight or obese. According to the 
National Health and Morbidity Survey 2019, women have the highest prevalence of these problems, 
at 54.7%, followed by individuals in the 55-59 age range, at 60.9%. Furthermore, 28% of women, 39% 
of students, and 59% of senior citizens were physically active. However, one in four adults 
nationwide is physically inactive. The survey also showed low health literacy levels, particularly 
when encouraging healthy lifestyle choices. For instance, 25.1% of individuals reported physical 
inactivity, 94.9% reported eating only few fruits and vegetables, and 23.1% reported smoking habits 
(Institute for Public Health, 2020).  

Many types of optimizations have been conducted (Tan et al., 2025; Srisurin et al., 2024; Jusuf et 
al., 2024; SIripath et al., 2024; Wichapa et al., 2024). Genichi Taguchi developed Mahalanobis-Taguchi 
System (MTS) for examining multidimensional systems at the end of the 20th century (Taguchi and 
Jugulum, 2002), as shown in Figure 1. MTS is a pattern recognition technology that leverages data 
analytics techniques to establish a multivariate measurement scale, enabling quantitative decision-
making (Ramlie et al., 2020). One of its key objectives is to classify two groups of samples, such as 
healthy and unhealthy patients, normal and abnormal conditions, conforming and non-conforming 
products, or acceptable and non-acceptable approval terms (Ramlie et al., 2021). Furthermore, MTS 
helps reduce the number of parameters in multivariate analysis, minimizing required data and 
computational time by identifying the effects of process parameters (Shakya et al., 2012). 

MTS has four kinds of methods, which are Taguchi (T), Recognition Taguchi (RT), Mahalanobis 
Taguchi (MT), and Mahalanobis Taguchi Adjoint (MTA), and the one to choose depends on the 
system. MTS combines Taguchi’s strong design ideas with Mahalanobis distance, which is used like 
a measuring scale, to help in system checking and dimension choices (Xiao et al., 2020). It also lets 
users find how far two people are apart using many variables (Harudin et al., 2021; Abu et al., 2018; 
Abu et al., 2013; Abu and Jamaludin, 2013). Moreover, MTS is used a lot for recognizing patterns in 
many systems. It has worked well in places like business control, product checks, health diagnosis, 
money risk warnings, fault finding, and full evaluations. Mahalanobis distance helps set reference 
points using samples from reference data, and also builds scales with many dimensions. It also 
helps with setting class limits (Yao and Lin, 2021). 

The main idea behind Mahalanobis distance is when the training data looks like a Gaussian 
distribution and there is no multicollinearity. When there is damage, the feature vector moves far 
from the mean of normal data. Even when finding damage location and size is not totally the same 
as spotting strange patterns, they work kind of the same way. When new damage data fits these 
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conditions, the feature vector stays close to the average vector. However, when the damage type is 
not the same, it goes farther. When there are just a few samples, getting the covariance becomes 
hard. Hence, there is a need to get a better way of finding covariance for small data. This helps to 
find Mahalanobis distances for each group.  

Studies have found that using Mahalanobis distance works better with industrial data compared 
to other methods, showing it is good for detecting drift and useful in real-world applications (Zhao 
et al., 2021). Empirical results have shown that the method using Mahalanobis distance was better 
than other few-shot learning techniques and had advantages over traditional and transfer learning 
methods when working with small samples (Wang et al., 2022). This algorithm is more adaptable 
and works well for simulations, helping to understand small-sample properties related to 
Mahalanobis distance (Li et al., 2021). Also, when looking at two datasets, error rates of 6.71% and 
16.85% for one, and 6.35% and 20.65% for another, show that the proposed three-way multi-
attribute decision-making (MADM) model using Mahalanobis distance is better than other models 
(Chen and Liu, 2021). Another thing is that combining energy conservation with oversampling or 
regularization through Mahalanobis distance leads to a stable and reliable method in the long run 
(Yuan et al., 2021). In addition, it has been shown that Mahalanobis distance can be useful in big 
data and wireless network technologies, making it helpful for both data analysis and decision-
making (Zhang et al., 2021). 

Some new studies have looked into how Mahalanobis distance works in different places. Zhao 
et al. (2021) made a way to find concept drift in factory data without using any labels. They used a 
segmentation model with Mahalanobis distance. Wang et al. (2022) brought up a method for few-
shot damage detection using Mahalanobis distance. This helps find new damage types with just a 
few labeled samples. Meanwhile, Li et al. (2021) tried simulating data points using Mahalanobis 
values taken from a whole group, and showed that this kind of method is still not common. Chen 
and Liu (2021) made a different decision-making model that does not only rank choices, but also 
states whether a choice is accepted, delayed, or rejected. This method is about how decision-makers 
actually think. Another study by Yuan et al. (2021) built a method using Mahalanobis distance and 
added discrete empirical interpolation (DEIM) to lower errors while keeping kinetic energy rules. 
At the same time, Zhang et al. (2021) came up with a way to choose features using Mahalanobis 
distance. This helped to reduce the number of features and keep only the ones that matter most for 
meaning and performance. 

MTS makes use of orthogonal arrays (OA) and signal-to-noise ratios to pick the right feature 
values from the main benchmark data, as shown in Figure 2. This way, the sample stays 
understandable and the chosen features are easier to test and check (Iquebal et al., 2014). MTS also 
runs a strong parameter design to see how each parameter works using fewer test cases (Aris et al., 
2023; İhsan Yanıkoğlu et al., 2022). At the same time, the cost of computing this method (Kamil et 
al., 2019; Zamrud et al., 2019; Abu et al., 2017) can go down by making classification more accurate 
and using fewer features that separate the data well (Xue et al., 2019).  

The degree of contribution generated by MTS methodology serves as a pattern recognition and 
optimization algorithm for classification, dimensionality reduction, and diagnosis in multivariate 
systems. Currently, various machine learning and artificial intelligence techniques, such as random 
forest, support vector machines, and artificial neural networks, are widely used for classification 
and feature selection. However, these methods often face challenges related to imbalanced data. 

MTS helps to lower the number of features or system dimensions without making identification 
worse. It does this by using signal-to-noise ratio and orthogonal arrays (OA). The process of 
choosing features is improved by OA and the signal-to-noise ratio. Mostly, two-level OA is used to 
find the most important features. In this type, Level 1 means the feature is included, and Level 2 
means it is not. Each row in the OA tells which features are used for that experiment. For every 
experiment, the chosen variables are used to find the Mahalanobis distance from abnormal data, 
and then the signal-to-noise ratio is calculated as the answer to the combination. 
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Many studies have investigated the benefits of checking how much each feature contributes 
using the MTS method. It has been shown that MTS works well for finding patterns in data with 
many variables and helps figure out causes (Chen et al., 2021). Because MTS can work using fewer 
important features, it often does better than normal Mahalanobis distance classifiers (Zhang and 
Liu, 2021). It is also good for checking recovery progress with only a few needed features (Wang et 
al., 2022). The method has been used to tell apart different pavement conditions too (Li et al., 2022). 
MTS is a good tool for classification tasks. It checks how abnormal samples are and confirms which 
variables work best, using OA and signal-to-noise ratios (Tang et al., 2023). Unlike the common 
machine learning models that need lots of training data, MTS makes a measurement scale using just 
one class of data. This makes it better at dealing with class imbalance. 

A lot of works have investigated how the degree of contribution matters in MTS across many 
areas. Chen et al. (2021) built an online system that used fuzzy probability to manage uncertainties 
in chemical processes. The results showed that the method gave better accuracy than others. Zhang 
and Liu (2021) made a way to check how steady lithium-ion battery packs are using MTS, which 
helped find and measure changes that happen over time. Wang et al. (2022) made a quick 
Mahalanobis classification method that mixes symmetrical uncertainty with Mahalanobis kernel 
PCA. This gave a two-step reduction approach that made accuracy, G-mean, and speed better. Li 
et al. (2022) used linguistic term sets to go through large comment data and find out which features 
matter most based on contribution. Their system used a three-way decision method and a better 
classifier. Tang et al. (2023) also came up with a two-step method using binary particle swarm 
optimization to improve feature picking and to find a good boundary between healthy and 
unhealthy parts. 

This study identified gaps and missing solutions regarding health performance among 
academicians. The effect of Mahalanobis distance and the degree of contribution on health 
performance of academicians can be analyzed through multidimensional statistical methods, 
particularly in areas such as stress levels, workload management, work-life balance, and overall 
well-being. When applied to health performance of academicians, Mahalanobis distance can 
identify abnormal health patterns by analyzing variables such as workload, sleep patterns, stress 
levels, and physical activity. Meanwhile, when applied to academicians, the degree of contribution 
can determine key stressors such as teaching load, study pressure, administrative duties, and work-
life balance. Generally, both Mahalanobis distance and the degree of contribution provide a data-
driven method to develop personalized well-being strategies, improve institutional policies for 
workload and mental health support, as well as foster productivity by ensuring healthier academic 
environments. 

2. Methodology 

Figure 3 presents the study flow, comprising four main steps that define the methodology used 
in this study. The first step, problem definition, involved identifying health issues among academic 
staff at local university. This was followed by the data collection phase, where relevant health data 
were obtained from the university’s health center.  

The data investigation phase entailed systematic analysis of the gathered data using MTS 
methods to extract meaningful insights. Lastly, the analysis and conclusion phase focused on 
reviewing results, drawing conclusions, and formulating recommendations. This structured 
methodology provided a systematic framework, offering valuable guidance for further 
investigations in this field. 

This study involved academicians from 11 academic faculties, including the Faculty of 
Computing, Faculty of Industrial Management, Faculty of Industrial Sciences and Technology, 
Faculty of Civil Engineering Technology, Faculty of Electrical and Electronics Engineering 
Technology, Faculty of Chemical and Process Engineering Technology, Faculty of Mechanical and 
Automotive Engineering Technology, Faculty of Manufacturing and Mechatronic Engineering 
Technology, Centre for Modern Languages, Centre for Human Sciences, and Centre for 
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Mathematical Sciences. Furthermore, a total of 17 parameters were examined, including glucose, 
lipid profile, and blood pressure. 

 
Figure 1 Evolution of Taguchi Method 
 

 
Figure 2 Orthogonal Array 
 

 

Figure 3 Study flow of health performance among academicians using MTS 
 

Glucose included random plasma glucose and fasting plasma glucose, while the lipid profile 
comprised total cholesterol, triglycerides, high-density lipoprotein (HDL), and low-density 
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lipoprotein (LDL). In addition, blood pressure measurements included systolic (untreated), systolic 
(treated), diastolic, and pulse. These parameters were based on the Clinical Practice Guidelines from 
experts. Table 1 provides a detailed overview of the parameters used, along with their 
classifications. 

 
Table 1 Parameter used in the study to measure the abnormalities 

No Parameter Unit Range 

Glucose Level 

1 Random 
Plasma 
Glucose 

mmol/L (Normal: <6.1) 
(Above normal: 6.1-6.9) 
(Diabetes mellitus: >=7.0) 

2 Fasting Plasma 
Glucose 

mmol/L (Normal: <7.8) 
(Above normal: 7.8-11.1) 
(Diabetes mellitus: >=11.1) 

No Parameter Unit Range 

Lipid Profile 

3 Total 
Cholesterol 

mmol/L (Normal: <=5.1) 
(Borderline high: 5.2-6.2) 
(High: >=6.3) 

4 Triglyceride mmol/L (Normal: <=1.7) 
(High: 1.8-4.4) 
(Very high: >=4.5) 

5 High-Density 
Lipoprotein 

mmol/L Male: 
(Normal: >=1.0) 
(Abnormal: <1.0) 
Female: 
(Normal: >=1.2) 
(Abnormal: <1.0) 

6 Low-Density 
Lipoprotein 

mmol/L (Normal: <3.0) 
(Abnormal: >=3.0) 

Blood Pressure 

7 Systolic  
(Not treated) 

mmHg Systolic (mmHg): 
(Optimal: <120) 
(Normal: 120-129) 
(At risk: 130-139) 
(Hypertension Stage 1 (Mild): 140-159) 
(Hypertension Stage 2 (Moderate): 160-179) 
(Hypertension Stage 3 (Severe): >=180)  
Diastolic (mmHg): 
(Optimal: <80) 
(Normal: 80-84) 
(At risk: 85-89) 
(Hypertension Stage 1 (Mild): 90-99) 
(Hypertension Stage 2 (Moderate): 100-109) 
(Hypertension Stage 3 (Severe): >=110) 

8 Systolic 
(Treated) 

mmHg (Optimal: <120) 
(Normal: 120-129) 
(At risk: 130-139) 
(Hypertension Stage 1 (Mild): 140-159) 
(Hypertension Stage 2 (Moderate): 160-179) 
(Hypertension Stage 3 (Severe): >=180)  
Diastolic (mmHg): 
(Optimal: <80) 
(Normal: 80-84) 
(At risk: 85-89) 
(Hypertension Stage 1 (Mild): 90-99) 
(Hypertension Stage 2 (Moderate): 100-109) 
(Hypertension Stage 3 (Severe): >=110) 
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Table 1 Parameter used in the study to measure the abnormalities (Cont.) 
No Parameter Unit Range 

9 Diastolic mmHg (Optimal: <120) 
(Normal: 120-129) 
(At risk: 130-139) 
(Hypertension Stage 1 (Mild): 140-159) 
(Hypertension Stage 2 (Moderate): 160-179) 
(Hypertension Stage 3 (Severe): >=180)  
Diastolic (mmHg): 
(Optimal: <80) 
(Normal: 80-84) 
(At risk: 85-89) 
(Hypertension Stage 1 (Mild): 90-99)  
(Hypertension Stage 2 (Moderate): 100-109) 
(Hypertension Stage 3 (Severe): >=110) 

10 Pulse Bpm (Optimal: <120) 
(Normal: 120-129) 
(At risk: 130-139) 
(Hypertension Stage 1 (Mild): 140-159) 
(Hypertension Stage 2 (Moderate): 160-179) 
(Hypertension Stage 3 (Severe): >=180)  
Diastolic (mmHg): 
(Optimal: <80) 
(Normal: 80-84) 
(At risk: 85-89) 
 (Hypertension Stage 1 (Mild): 90-99) 
(Hypertension Stage 2 (Moderate): 100-109) 
(Hypertension Stage 3 (Severe): >=110) 

Body Composition 

11 Body Mass Index 
(BMI) 

kg/m2 (Underweight: <18.5) 
(Normal range: 18.5-22.9) 
(Pre-obese: 23.0-27.4) 
(Obese I: 27.5-34.9) 
(Obese II: 35-39.9) 
(Obese III: >=40.0) 

12 Body Fat % (Low: <10%) 
(Normal: 10%-19.9%) 
(High: >=20%) 
Female: (Low: <20%) 
(Normal: 20%-24.9%) 
(High: >=25%) 

13 Skeletal Muscle 
 

% (Low: <32.9%) 
(Normal: 32.9%-35%) 
(High: >35%) 
Female: 
(Low:<25.9%) 
(Normal: 25.9%-27.9%) 
(High: >27.9%) 

14 Waist 
Circumference 

Cm Male: 
(No central obesity: <90 cm)  
(Central Obesity: >=90 cm) 
Female: 
(No central obesity: <80 cm) 
(Central Obesity: >=80 cm) 

Depression Anxiety Stress Test 

15 Stress NIL (Normal: 0-7)  
(Slightly:8-9)  
(Moderate: 10-13) 
(Severe: 14-17) 
(Ver severe: 18+) 

16 Anxiety NIL (Normal: 0-4)  
(Slightly:5-6)  
(Moderate: 7-8) 
(Severe: 9-10) 
(Ver severe: 11+) 

 
  



853 
International Journal of Technology 16(3) 846-864 (2025)  

 

 

 

Table 1 Parameter used in the study to measure the abnormalities (Cont.) 
No Parameter Unit Range 

17 Depression NIL (Normal: 0-5)  
(Slightly:56-7)  
(Moderate: 8-10) 
(Severe: 11-14) 
(Ver severe: 15+) 

 
Pattern recognition was emphasized in the RT Method. Items inside and outside the unit space 

and those outside the unit space were separated into two categories by the RT Method techniques. 
When multiple unit spaces are available and a measure output's category is obvious, but its true 
value is unknown, the RT Method can be applied. The average parameter value in normal group 
unit space is provided in equation (1). 

𝑥�̅� =
1

𝑛
(𝑥1𝑗 + 𝑥2𝑗 + ⋯ + 𝑥𝑛𝑗) (j = 1,2, … , k) (1) 

The linear formula, L, and effective divider, r, from Equations (3) and (4) are needed to calculate 
the sensitivity, 𝛽, for the initial unit space samples in Equation (2). 

Sensitivity     𝛽1 =
𝐿1

𝑟
     (2) 

Linear equation     𝐿1 = 𝑥1̅𝑥11 + 𝑥̅2𝑥12 + ⋯ + �⃗�𝑘𝑥1𝑘  (3) 

Effective divider     𝑟 = 𝑥1̅
2 + 𝑥̅2

2 + ⋯ + �⃗�𝑘
2 (4) 

Total variation, ST element variation proportionate to S𝛽, error variance, Se, and error variance, 
Ve are obtained by evaluating Equations (5)−(7) and Equation (8). These results are later substituted 
into the standard S/N ratio, η.   

Total variations     𝑆𝑇1 = 𝑥11
     2 + 𝑥12

     2 + ⋯ + 𝑥1𝑘
     2        (f = k) (5) 

Variation of proportional term     𝑆𝛽1 =
𝐿1

2

𝑟
 (6) 

Error variation     𝑆𝑒1 = 𝑆𝑇1 − 𝑆𝛽1    (f = k – 1) (7) 

Error variance     𝑉𝑒1 =
𝑆𝑒1

𝑘 − 1
 (8) 

Equation (9) computes the standard S/N ratio, η. There is a stronger correlation between input 
and output when the η value is higher. 

Standard SN ratio     η1 =
1

𝑉𝑒1
 (9) 

A scatter diagram is produced by calculating Y1 and Y2. Equations (10) and (11) show the 
formulas for Y1 and Y2. 

𝑌𝑖1 = 𝛽𝑖                  (i = 1, 2, …, n) (10) 

𝑌𝑖2 =
1

√𝜂𝑖
= √𝑉𝑒𝑖    (i = 1, 2, …, n) (11) 

The origin is estimated and the averages for Y1 and Y2 are calculated using equations (12) and 
(13). 

�̅�1 =
1

𝑛
(𝑌11 + 𝑌21 + ⋯ + 𝑌𝑛1) (12) 

�̅�2 =
1

𝑛
(𝑌12 + 𝑌22 + ⋯ + 𝑌𝑛2) (13) 

The final step involves using Equation (14) in the normal group to calculate Mahalanobis 
distance. 

Mahalanobis distance , 𝐷2 =
𝑌𝐴−1𝑌𝑇

𝑘
 (14) 

The same formula was used to calculate both the normal and the abnormal groups. However, 
the abnormal group should be normalized before doing any computations. It should be noted that 
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the effective, r’, in Equation (4) and the average values, x̅, of the samples and parameters in Equation 
(1) were comparable to the normal group value. 

T Method established significant parameters after RT Method determined normal and abnormal 
MD. This method produced average output in a uniform unit space. The majority of the samples 
were normal, while the remaining were not. In the normal group unit space, the parameter and 
output average values were found using equations (15) and (16). 

�̅�𝑗 =
1

𝑛
(𝑥1𝑗 + 𝑥2𝑗 + ⋯ + 𝑥𝑛𝑗)    (j = 1, 2, …, k) (15) 

�̅� = 𝑀0 =
1

𝑛
(𝑦1 + 𝑦2 + ⋯ + 𝑦𝑛) (16) 

The abnormal group normalization technique aimed to remove extraneous information from the 
data to increase the information's flexibility. Equations (17) and (18) compute the normalized input 
and output data. 

𝑋𝑖𝑗 = 𝑥′𝑖𝑗 − �̅�𝑗    (i = 1, 2, …, l) (j = 1, 2, …, k) (17) 
𝑀𝑖 = 𝑦′𝑖 − 𝑀0    (i = 1, 2, …, l) (18) 

To obtain the S/N ratio, η, and proportional coefficient, 𝛽, for each parameter, use the steps 
found in Equations (19)–(25). 

Effective divider     𝑟 = 𝑀1
2 + 𝑀2

2 + ⋯ + 𝑀𝑙
2 (19) 

Total variation     𝑆𝑇1 = 𝑋11
   2 + 𝑋21

   2 + ⋯ + 𝑋𝑙1
  2   (f=l) (20) 

Variation of Proportional term   𝑆𝛽1 =
(𝑀1𝑋11+𝑀2𝑋21+⋯+𝑀1𝑋11)2

𝑟
      (f = 1) (21) 

Error variation     𝑆𝑒1 = 𝑆𝑇1 − 𝑆𝛽1 (22) 

Error variance     𝑉𝑒1 =
𝑆𝑒1

𝑙 − 1
 (23) 

Proportional coefficient     𝛽1 =
𝑀1𝑋11 + 𝑀2𝑋21 + ⋯ + 𝑀1𝑋11

𝑟
 (24) 

SN ratio   η1 = {

1
𝑟 (𝑆𝛽1 − 𝑉𝑒1)

𝑉𝑒1

0

     
(when 𝑆𝛽1 > 𝑉𝑒1)

(when  𝑆𝛽1 ≤ 𝑉𝑒1)
 (25) 

The slope increases to the right when 𝛽 is positive, but decreases when it is negative. A significant 
correlation between the input and output is shown by positive η values, while negative values 
signify no correlation. 

For each parameter, the proportional coefficient (𝛽) and SN ratio (η) are used to calculate the 
integrated estimate value of the abnormal group. Equation (26) is used to calculate the integrated 
estimate value. Each parameter's normalized values are expressed as x_i1, x_i2, …, x_ik. 

�̂�𝑖1 =
𝜂1×

𝑋𝑖1
𝛽1

+𝜂2×
𝑋𝑖2
𝛽2

+…+𝜂𝑘×
𝑋𝑖𝑘
𝛽𝑘

𝜂1+𝜂2+…+𝜂𝑘
   (i = 1, 2, …, l) (26) 

Equation (27)−(33) can be used to calculate the estimated S/N ratio, η. Specifically, the suitability 
of the OA provides the foundation for the predicted S/N ratio, η. 

Linear equation     𝐿 = 𝑀1�̂�1 + 𝑀2�̂�2 + ⋯ + 𝑀𝑙�̂�𝑙 (27) 
 

Effective divider     𝑟 = 𝑀1
2 + 𝑀2

2 + ⋯ + 𝑀𝑙
2 (28) 

Total variation     𝑆𝑇 = �̂�1
 2 + �̂�2

 2 + ⋯ + �̂�𝑙
 2 (29) 

Variation of Proportional term     𝑆𝛽 =
𝐿2

𝑟
  (f = 1) (30) 

Error variation     𝑆𝑒 = 𝑆𝑇 − 𝑆𝛽 (31) 

Error variance     𝑉𝑒 =
𝑆𝑒

𝑙 − 1
 (32) 

Integrated Estimate SN Ratio       𝜂 = 10log (
1

𝑟
(𝑆𝛽−𝑉𝑒)

𝑉𝑒
) (db) (33) 

The significance of the parameter was established by the reduction in the estimated SN ratio, η, 
in the absence of its use. The assessments used OA levels 1 and 2. Under certain conditions, OA 
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measured the predicted S/N ratio, η. When there is a two-level OA, parameter level 1 is used, and 
level 2 is not. The difference between levels 1 and 2 averages for each parameter in the predicted 
S/N ratio, η, showed the relative significance of the parameters. When a larger SN ratio, η, is used, 
the degree of contribution is positive. Otherwise, when it is not used, the degree of contribution 
parameter is negative. 

3. Results and Discussion 

The RT Method quickly and efficiently performed pattern recognition and classification. Its use 
of a small-scale database was another key feature. Therefore, it was particularly effective in 
situations where multiple patterns needed to be recognized, such as character recognition. The 
method also used Mahalanobis distance values to generate line graphs and scatter diagrams for 
normal and abnormal data.  

Figure 4 presents the scatter diagram of health performance for all academicians in 2022. The 
values of Y1 and Y2 represent the normal and abnormal data, respectively, subsequently plotted on 
the scatter diagram. The diagram visually differentiates between the normal and abnormal data 
using two colors, namely green for normal data and red for abnormal. This study used 17 
parameters to achieve the results. Based on analysis, Mahalanobis distance for abnormal data 
ranged between a minimum of 0.0130 and a maximum of 44.5121. Meanwhile, it ranged between 
0.017623 and 18.1934 for normal data. Therefore, the highest distance value recorded was 44.5121. 
There was some overlap between normal and abnormal data, with 48 samples overlapping. The 
average distance for 2022 was 5.9839. Abnormal data had a correlation coefficient (r) of -0.3636, 
while normal data recorded -0.6161. This confirmed a strong negative correlation between normal 
and abnormal data. 

 

Figure 4 Health performance of academicians 2022 
 
Figure 5 presents a scatter plot showing health performance of academicians in 2023. Based on 

analysis, Mahalanobis distance for abnormal data ranged from a minimum of 0.012843 to a 
maximum of 36.9862. For normal data, the distance spanned from 0.0028 to 8.4052. Therefore, the 
highest value recorded in 2023, as shown in the scatter plot, was 36.986225. There was an overlap 
between normal and abnormal data, with 122 samples falling within this range. In addition, the 
average Mahalanobis distance value for 2023 was 3.6131. The correlation coefficient (r) for normal 
and abnormal data was -0.5921 and -0.6252, respectively, confirming a strong negative correlation. 

Table 2 presents the comparison of the data distribution across six selected faculties, categorized 
by the years 2022 and 2023. In 2023, the Faculty of Industrial Management recorded six abnormal 
samples. According to the study, Mahalanobis distance values for abnormal samples ranged from 
a minimum of 0.0128 to a maximum of 13.1484. Meanwhile, the distance for normal samples ranged 
from 0.0562 to 5.1124. The key contributing parameters to these abnormalities included cholesterol, 
triglycerides, systolic blood pressure, diastolic blood pressure, depression, stress, and anxiety. 
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Figure 5 Health performance of academicians 2023 
 
In 2023, the Faculty of Civil Engineering Technology identified ten abnormal samples. 

Mahalanobis distance for abnormal samples ranged from 0.2079 to 7.4646, while the values for 
normal samples ranged from 0.1745 to 8.4052. Three samples also showed an overlap between 
normal and abnormal data. These variations could be attributed to cholesterol, triglycerides, 
systolic blood pressure, depression, stress, and anxiety. Furthermore, the Faculty of Electrical and 
Electronics Engineering Technology recorded 17 abnormal samples in 2023. The distance values for 
abnormal samples ranged from 0.0153 to 42.1261, while the normal samples ranged from 0.0204 to 
1.9469. The contributing parameters included blood sugar, cholesterol, triglycerides, systolic blood 
pressure, depression, stress, and anxiety. 

In the Centre for Modern Languages, 30 samples were classified as abnormal in 2023. 
Mahalanobis distance values for abnormal samples ranged from 0.0302 to 12.5126, while normal 
samples ranged from 0.0521 to 1.9148. The scatter diagram showed an overlap of 17 samples 
between normal and abnormal categories. These abnormalities could be attributed to blood sugar, 
cholesterol, triglycerides, and systolic blood pressure. For the Faculty of Industrial Science and 
Technology in 2022, 15 samples were identified as abnormal. The distance values for abnormal 
samples ranged from 0.1097 to 25.0558, while normal samples ranged from 0.0428 to 18.1934. One 
normal sample had the highest distance of 18.1934, corresponding to Y1 = 0.6409 and Y2 = 21.2808. 
This case occurred despite most parameters falling within the normal range. The key contributing 
factors included cholesterol, triglycerides, systolic blood pressure, diastolic blood pressure, and 
depression. 

In 2022, the Faculty of Chemical and Process Engineering Technology identified 28 abnormal 
samples. The distance values for abnormal samples ranged from 0.0403 to 37.3656, while normal 
samples ranged from 0.1230 to 1.6096. The scatter diagram presented one sample plotted far from 
the rest, identified as [0.3269, 21.7305]. This occurred due to the majority of parameters falling 
within the abnormal range. The contributing factors included cholesterol, triglycerides, systolic 
blood pressure, diastolic blood pressure, depression, stress, and anxiety. 

T Method was specifically applied to a dataset consisting of 197 samples, categorized into two 
groups, namely the normal group with 48 samples and the abnormal with 149 samples. A total of 
17 parameters were used to evaluate the output. Mahalanobis distance value concentration ranged 
from 0 to 4.2, with 157 samples falling within this range. Among the examined data, sample number 
53 showed the lowest distance at 0.0134, while number 57 had the highest at 128.4785. The average 
distance across all samples was 4.7979, corresponding to sample number 105. Furthermore, four 
samples had distance values close to the average, namely sample numbers 104 (4.265316), 83 
(4.84195), 76 (4.888205), and 146 (4.952923). Signal data normalization was conducted using average 
values calculated from the unit space samples. To normalize the signal data, the average value of 
each classification and response variable was subtracted. Table 3 presents the unit space and signal 
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data in descending order. Furthermore, the computation of output M1 for sample number 1 of 
random plasma glucose X11 is presented as follows. 
 
Table 2 Comparison of data distribution in 2022 and 2023 

Faculty 2022 2023 

Faculty of 
Industrial 

Management 

 
 

Faculty of 
Civil 

Engineering 
Technology 

 

 

Faculty of 
Electrical and 

Electronics 
Engineering 
Technology 

 
 

Centre of 
Modern 

Languages 

 
 

Faculty of 
Industrial 

Science and 
Technology 
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Table 2 Comparison of data distribution in 2022 and 2023 (Cont.) 
Faculty 2022 2023 

Faculty of 
Chemical and 

Process 
Engineering 
Technology 

 

 

 
X11= 5.8-0 = 5.8 

M1= 0.013494- 4.797933= -4.784439 
In a statistics-based method, normalization is typically achieved by dividing the residual amount 

obtained after subtracting the average values by the parameter’s standard deviation. Parameters 
with a standard deviation of zero in the unit space are significant for estimation and prediction, 
preventing proper computation. 

 
Table 3 Unit space and signal data 

Samples         Data       MD Value 

1 5.8 0 … … … 3 2 1 0.0234 
2 0 4.7 … … … 7 8 7 0.2513 
3 5.7 0 … … … 4 2 1 1.2274 

… … …    … … … … 
… … …    … … … … 
… … …    … … … … 

195 0 5.4 … … … 7 1 2 0.0602 
196 5.6 0 … … … 9 7 6 2.6400 
197 0 4.4 … … … 7 4 5 0.4372 

 
A parameter-by-parameter computation of the proportional coefficients and the signal-to-noise 

ratio was performed to determine which parameters were useful for prediction and estimation. 
Figure 6 presents a scatter diagram showing the relationship between each parameter, such as 
random plasma glucose and fasting plasma glucose, and the output value. The horizontal axis 
represents the output value, while the vertical axis represents the parameter. The zero point serves 
as the unit space center for both axes. Using the T-method, the relationship between parameter and 
output values was analyzed to calculate the proportional coefficients and the S/N ratio. The closer 
the relationship between the output value and a given parameter to a straight line, the larger the 
S/N ratio. Parameters with a stronger linear relationship contribute more significantly when 
estimating the overall output. Moreover, for each parameter, the proportional coefficient quantifies 
the degree of the line’s inclination. 

Based on Figure 6(i), the proportional coefficient was negative, confirming a downward slope. 
Despite minimal variation, the data points were distributed uniformly along the regression line. 
This assumption was supported by the large S/N ratio, confirming systolic (not treated) as suitable 
for estimation. Meanwhile, the lines in Figures 6(j) and 6(k) showed an upward slope to the right, 
meaning the proportional coefficients were positive. The graph showed the data points were neatly 
arranged along a regression line intersecting the origin, with minimal scatter. Given the large S/N 
ratio, systolic (treated) and diastolic measurements were considered well-suited for estimation. 
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Figure 6 Scatter diagram of output for each parameter  
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(p) (q)  
Figure 6 Scatter diagram of output for each parameter (Cont.) 
 

Table 4 presents the proportional coefficients and the signal-to-noise ratio for each parameter. 
Other parameters also had corresponding β and η values. A larger S/N ratio confirmed a significant 
contribution of the parameter. When the S/N ratio is negative, it is interpreted as zero. However, 
in these cases, the parameter will not be used in computing the general estimation value. 

 
Table 4 The proportional coefficients, β and S/N ratio, η 

No  Parameter Unit 
Proportional 
constant, β 

SN ratio, η 

1 Random Plasma Glucose mmol/L 0.0018 -3.1288-5 
2 Fasting Plasma Glucose mmol/L 0.0041 -2.9435-5 
3 Total Cholesterol mmol/L 0.0021 -2.7603-5 
4 Triglyceride mmol/L 0.0034 -1.8586-5 
5 High-Density Lipoprotein mmol/L 0.0011 -2.4368-5 
6 Low-Density Lipoprotein mmol/L 0.0021 -2.9600-5 
7 Systolic (Not treated) mmHg -0.8810 0.0008 
8 Systolic (Treated) mmHg 1.1173 0.0155 
9 Diastolic mmHg 0.1815 0.0001 
10 Pulse bpm 0.0183 -3.0098-5 
11 Body Mass Index (BMI) kg/m2 0.2489 0.0007 
12 Body Fat % 0.0530 3.3249-5 
13 Skeletal Muscle % -0.0224 -6.0569-6 
14 Waist Circumference cm 0.2672 0.0002 
15 Stress - 0.0174 -1.8018-5 
16 Anxiety - 0.0186 -8.5246-7 
17 Depression - 0.0056 -2.8567-5 

 
Figure 7 is a scatter plot showing the distribution of actual and estimated signal data values. The 

vertical axis represents the actual values, while the horizontal axis represents the estimated values. 
The linear pattern of the estimate confirmed a high-quality estimation, as evidenced by the data 
points clustering near the green line and the relatively strong correlation. This also confirmed a 
strong relationship between the estimated and actual values in the signal data distribution. 

All 17 parameters were used to generate general estimates. However, the integrated estimation 
used only a subset of the parameters, disregarding the remaining information. To assess the 
importance of each parameter, an OA was applied. OA helped improve the accuracy of estimation 
and prediction by analyzing the relationships between parameters. Specifically, the L44 OA was 
chosen for parameter allocation. The L44 OA, consisting of four prime-type arrays, was selected for 
its ability to optimize the effects of parameter interactions. Consequently, Level 1 confirmed the 
parameters used, while Level 2 represented unused parameters. Table 5 serves as an auxiliary 
reference for the integrated estimation of the S/N ratio. The integrated estimate of the S/N ratio 
was calculated based on the L44 OA. 
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Figure 7 Distribution of actual and estimated values of signal data 
 

Based on the integrated estimate of the S/N ratio, a broken-line graph of the S/N ratio was 
created in Figure 8. The slope, declining from Level 1 to 2, was crucial for output prediction. When 
Level 1 is subtracted from Level 2, a descending slope occurs, resulting in a positive distribution 
degree.  

 
Table 5 Integrated estimate S/N ratio for each parameter  

No Parameter Unit Level 1 Level 2 

1 Random Plasma Glucose mmol/L -24.7804 -22.8495 

2 Fasting Plasma Glucose mmol/L -23.3483 -24.2816 

3 Total Cholesterol mmol/L -24.5294 -23.1005 

4 Triglyceride mmol/L -24.4521 -23.1778 

5 High-Density Lipoprotein mmol/L -24.2452 -23.3847 

6 Low-Density Lipoprotein mmol/L -24.5709 -23.0590 

7 Systolic (Not treated) mmHg -21.8620 -25.7679 

8 Systolic (Treated) mmHg -17.5010 -30.1289 

9 Diastolic mmHg -24.0915 -23.5384 
10 Pulse bpm -23.7370 -23.8929 
11 Body Mass Index (BMI) kg/m2 -22.0199 -25.6100 

12 Body Fat % -23.5157 -24.1141 
13 Skeletal Muscle % -23.9008 -23.7291 

14 Waist Circumference cm -23.2347 -24.3952 
15 Stress - -24.8634 -22.7665 
16 Anxiety - -23.9512 -23.6787 
17 Depression - -24.3653 -23.2645 

 

 

Figure 8 Ratio broken graph 2022 
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Conversely, when Levels 1 and 2 are subtracted and produce insignificant parameters, a negative 
degree of contribution is observed. In this line graph, seven parameters showed an ascending trend 
(negative degree of contribution), including parameters 1, 5, 6, 10, 12, 15, and 17. Meanwhile, ten 
parameters showed a descending trend (positive degree of contribution), including parameters 2, 
3, 4, 7, 8, 9, 11, 13, 14, and 16. Specifically, parameter 9 (Diastolic) showed a descending slope, as the 
subtraction between Level 1 (24.0915) and Level 2 (-23.5384) resulted in a negative degree of 
contribution of -0.553142892. 

4. Conclusions 

In conclusion, this study showed the number of academicians increased from 197 in 2022 to 370 
in 2023, confirming a growing awareness of health among the workforce. In 2022, 24.37% of 
employees were considered healthy, while 76% were not. By 2023, the proportion of healthy 
employees increased by 33%, leaving 67% still classified as unwell. These health trends could be 
attributed to various factors, including diet, lifestyle, and sugar consumption. Furthermore, MTS 
had a significant impact on health performance of academicians by providing a systematic method 
for diagnosing and monitoring health conditions. By using multivariate analysis, MTS helped 
identify patterns and deviations in health metrics, enabling the early detection of potential health 
issues. This predictive capability allowed for targeted interventions, improved decision-making, 
and personalized health strategies. Consequently, MTS contributed to improving overall well-
being, reducing health risks, and promoting a healthier lifestyle among academicians. 
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