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Abstract

Background The incidence of type II diabetes mellitus (T2DM) has quadruplicated in the recent decades and Prevention of
T2DM cases is possible by changing lifestyle practices. The process of diagnosis of diabetes is a tedious one. The advent
and advancement in (Al) techniques presents a probable solution to this critical problem.

Objective The study aims to assess the diverse attributes of the test sample population across Assam and enhance the early
prediction of Type II Diabetes Mellitus by employing artificial neural networks.

Methods The aim of this study is to design a suitable Al model that prognosticates the likelihood of diabetes in individuals
with maximum accuracy based on the levels of liver enzymes. This work also analyzes the effect of fast food intake, sleeping
patterns, and consumption of alcohol on healthy controls and contemplates their susceptibility to contract T2DM.

Results The Al model accurately predicted T2DM likelihood and revealed significant links between unhealthy behaviors and
increased T2DM risk among healthy individuals.

Conclusions The study underscores lifestyle modifications for T2DM prevention, highlighting AI’s potential in diagnosis

and the impact of unhealthy habits on T2DM susceptibility.
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Introduction

In the past few decades, the number of people diagnosed with
type II diabetes mellitus has multiplied about four times [1].
Type II diabetes mellitus is among the ninth major causes of
death globally. T2DM affects approximately 90% of individu-
als globally [2], and the incidence rate in Asia is rising alarm-
ingly. Projections indicate that within the next two decades,
70% of new T2DM cases will be in developing countries, pre-
dominantly in the age group of 45—64 years. Notably, seven
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of the top 10 countries with the highest diabetes burdens are
lower-middle-income nations, including India, China, Rus-
sia, Brazil, Pakistan, Indonesia, and Bangladesh. India and
China, with prevalence rates of 12.1% and 9.7%, respectively,
stand out, as the primary hotspots [3]. As per Indian Council
of Medical Research-India Diabetes (ICMR INDIAB), the
prevalence of diabetes in India is 101 million. Type II diabe-
tes mellitus is now emerging as a global epidemic, and the
reasons for the increasing incidence of diabetes mellitus are
numerous which includes ageing of the population, urbaniza-
tion, economic development, consuming diets with improper
nutrition, and sedentary lifestyles.

The onset of diabetes mellitus frequently occurs years
before the diagnosis, even before it is actually diagnosed
clinically. Approximately, 45.8% (or 174.8 million cases)
of the total diabetes mellitus cases reported in adults were
estimated to be undiagnosed. The people who are undiag-
nosed and untreated diabetes mellitus are at a greater risk of
complications such as ketoacidosis and non-ketotic hyper-
osmolar than those who are receiving treatment.
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It has been reported that individuals diagnosed with
type 2 diabetes have a higher occurrence of abnormal liver
function test compared to individuals who are non-diabetic
[4]. However, a chronic and mild elevation in the levels of
transaminases (particularly ALT) often indicates underlying
insulin resistance [5]. GGT (gamma-glutamyl transferase) is
found to be elevated in patients with type 2 diabetes [6] that
is another important and proposed non-specific marker of
insulin resistance and type 2 diabetes [7]. It has a positive
correlation with the intake of alcohol and smoking as well as
coronary heart disease, BMI, systolic blood pressure, serum
triglyceride, heart rate, and uric acid, when epidemiological
data are taken into consideration. Studies also indicated that
the level of ALT increased with increase intake of alcohol
[8], thus acting as another secondary non-specific maker for
insulin resistance and type 2 diabetes [9].

Snacking during late evening hours or having food at
inappropriate hours has shown to increase daytime sleepi-
ness, which correlates significantly with insulin resistance.
Studies have also revealed that obstructive sleep apnea
leads to elevated serum alanine aminotransferase (ALT) and
aspartate aminotransferase (AST) levels [10, 11]. Food hab-
its such as reduction in intake of fiber intake and increased
intake of processed carbohydrates along with animal fats
have been associated with development of obesity leading
to excessive predisposition of type 2 diabetes [12].

Previous research has shown that type 2 diabetes mellitus
(T2DM) is associated with lifestyle factors, yet there is a
paucity of data regarding its prevalence among the Assamese
population. With an increasing incidence of T2DM among
the Indian population and considering the above background
in knowledge, this study has been undertaken in the popu-
lation of Assam, the state with anthropometric diversity.
Also, recently with the advent and advancement of research
in artificial intelligence, machine-learning algorithms have
become a very popular tool in diagnosing diseases. Machine
learning and data mining algorithms can process enormous
amount of data and extract useful information pertaining
to the study. Thus, the study has been designed to correlate
the increased level of liver enzymes in diabetic patients as
well as analyze parameters such as sleep pattern, food hab-
its, and lifestyle pattern to prognosticate diabetes in healthy
individuals using both probabilistic and machine-learning
approaches. The performance of these methods is examined
using various statistical metrics to achieve better accuracy.

Materials and methods
Study design

For the present cross-sectional and observational study,
patients suffering from type II diabetes mellitus (n = 900)

and healthy controls (n = 900), who were not diagnosed with
T2DM, were enrolled with all clinical details from the Depart-
ment of Medicine, Guwahati Medical College, Guwahati,
under the supervision of registered medical practitioners with
informed consent of the patients. Patients satisfying the inclu-
sion criteria were enrolled in the study. The enrolled patients
further underwent a designed health history, such as measure-
ments of body mass index (BMI), sleeping duration, and fast
food intake. All patients had liver function biomarkers, includ-
ing alanine aminotransferase (ALT), aspartate aminotrans-
ferase (AST), alkaline phosphatase (ALP), and gamma-glu-
tamyl transferase (GGT). The data and clinical details used in
the study were collected with patient’s informed consent. The
attributes of the dataset are presented in Table 1 below, based
on the following inclusion and exclusion criteria:

Inclusion criteria

e Patients who were already diagnosed with type II diabe-
tes mellitus were used for the study.

e Only those patients whose clinical data and informed
consent was available were involved for the study.

e Patients in the age group 25-75 years were taken for the
study.

e Voluntary individuals without type II diabetes mellitus
were taken as healthy controls.

Exclusion criteria

e Patients below the age of 20 and above the age of 75 were
excluded.

e Patients with any other known pathological infection
were rejected.

Table 1 Details of the attributes employed in the dataset along with
their Abbreviations

SI. No Dataset attributes Abbreviations
1 Body mass index BMI
2 Bilirubin(mg/dL) BR

3 Total protein (g/dL) TP

4 Albumin (g/dL) A

5 Globulin (g/dL) G

6 Alanine aminotransferase (IU/L) AST
7 Aspartate aminotransferase (IU/L) ALT

8 Alkaline phosphatase (U/L) ALP
9 Gamma-glutamyl transferase (U/L) GGTP
10 Fast food intake FI

11 Alcoholic A

12 Intake of non-veg NV

13 Physical exercise PE

14 Sleep duration (in hours) S
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e Patients with other serious systemic illnesses were also
omitted.

e Patients without clinical data and informed consent were
excluded from the study.

Sample size calculation According to the 2023 ICMR
reports, the prevalence of type 2 diabetes mellitus in India
stands at approximately 101 million. To conduct a com-
prehensive study within the framework of a larger ongo-
ing research initiative, the sample size for both the disease
population and controls was meticulously determined using
Raosoft software. Employing a 95% confidence level and a
5% margin of error [4], the calculated sample size for the
disease population alone was 1000 individuals. However,
for the specific focus of the current study, the sample size
was intentionally set at 900 for both the disease and control
groups. Notably, controls were selected to be age and gen-
der matched to ensure a robust and meaningful compari-
son [13]. This critical attention to demographic matching,
coupled with a 95% significance level, contributes to the
statistical strength of the study. Emphasizing the impor-
tance of precise data analysis, the chosen sample size of
900 for each cohort ensures the reliability and accuracy of
the findings.

Artificial neural networks

Artificial intelligence (AI) techniques have become very
popular and significantly prevalent in sectors ranging from
business to healthcare. Al has the potential to transform the
present state of healthcare dynamics with effective diagno-
sis, analysis, and interpretation of any concerned disease.
Research has proven that Al is at par with human intelli-
gence when it comes to the diagnosis of a disease. Algo-
rithms have already started to outperform radiologists at

Fig. 1 a Functioning of a neural
network and b a two-layer
feed-forward neural network

for pattern recognition trained
with scaled conjugate gradient
backpropagation algorithm

spotting tumors and provide a bright spectrum for research-
ers to develop cohorts for costly clinic trials.

Artificial neural networks (ANNs) form the foundation of
artificial intelligence and possess the ability to tackle intri-
cate tasks that prove challenging for humans or conventional
statistical methods. ANNs built upon the principles of the
human brain, with neurons—the brain’s functional com-
ponents—serving as the fundamental units of an artificial
neural network. These neurons operate in parallel and are
organized into layers. The initial layer, functioning as the
input layer, receives raw information, which is subsequently
processed by successive layers. The final layers generate the
output. Remarkably, neural networks can adapt to environ-
mental changes, enabling enhanced learning within a sys-
tem. A neuron M in mathematical terms can be understood
with the help of the following equations:

= D Wk, (1)
And

Ym = @(Uy +by) 2)

where xy, x,......, x; are the initial input signals; w,,,;, W,,5,....,

w,,; are the signal strengths of neuron M, called as synaptic
weights or simply weights; u,, combines the input signals
to their corresponding weights linearly; the network’s bias,
denoted as b,,, plays a role in adjusting the final output y,,
of neuron M, while the activation function ¢(.) determines
how and when a neuron is initialized (Fig. 1a). The bias is a
constant value that helps align the model with the provided
data by modifying the output u,,. The activation function
evaluates the weights associated with the neuron and adds
the bias to the sum, thereby making decisions about neuron
initialization. The activation function adds non-linearity into
the output of the neuron. For detailed information on the
working of ANNSs, readers are referred to Haykins [14].

Activation
function

Output Layer

Input

Output
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A two-layer feed-forward network (Fig. 1b), with sigmoid
activation function in the hidden layer and softmax activa-
tion function, has been employed at the output layer. The
network was trained with scaled conjugate gradient back-
propagation algorithm. Neurons can classify vectors arbi-
trarily well, given enough neurons in its hidden layer. The
given dataset set was divided into three parts, namely, train-
ing set (70%), testing set (15%), and validation set (15%).
The best performance was achieved when the number of
hidden neurons were set at 20.

Bayes probabilistic classifier

Bayes probabilistic classifier is a machine-learning model
based on probability that serves as a classifier. It comes
under supervised learning algorithms. This algorithm is
based on the Bayes theorem. This classification method has
a concept that delineates all features to be non-partisan and
extraneous. This classifier that is based on conditional prob-
ability and therefore can be a very powerful tool for clas-
sification problems. The mathematical equation of Bayes
theorem is given below:

p(3)-= P(4)x(3) 3)

P(B)
where:

P(AIB): probability of target class, P(BIA): probability of
predictor class, P(A): probability of class A, and P(B): prior
probability of class B.

Support vector machines (SVM)

Support vector machines popularly known as SVMs also are
supervised learning models. They are used for classifica-
tion and regression analysis trained by associative learning
algorithms. Vladimir N. Vapnik and Alexey Ya introduced
the original form of the SVM algorithm in 1963. SVM is
different from other algorithms for the fact that it uses a
hyperplane that acts a decision-making boundary between
different classes. SVMs have the intrinsic property to gen-
erate multiple hyperplanes for classification purposes such
that every section consists of a particular class of data. The
training of SVM is achieved on labelled data after which it
can classify any unseen data depending on training prowess.
SVMs are used for both classification and regression pur-
poses. The classification in SVMs is achieved through the
kernel trick. The kernel trick means transforming data into
another dimension that has a clear dividing margin between
classes of data. Through the kernel trick, the data is trans-
formed into another dimension so that it has a clear divide
between different classes and then a hyperplane is set.

Results

The results segment composes of two sections: The former
section focuses on the different models used in the study to
diagnose type II diabetes in healthy individuals by analyz-
ing various metabolic and physical traits, while the latter
section focuses on the observational inference derived from
the dataset.

Model results

The feed-forward network correlates the abovementioned
parameters with greater accuracy in comparison to the
other models. The performance of models evaluated with
various statistical metrics is shown in Table 2 below. The
accuracy metric assesses the effectiveness of algorithms in
making predictions for individual instances. Cross-entropy
is used to evaluate the performance of the network based
on the target and output, as well as the synaptic weights
and other parameters. Lower cross-entropy values indicate
that the model has successfully generalized the classifica-
tion problem. The same can be considered for the percent-
age error metric which is low during testing and valida-
tion. The receiver operating characteristic (ROC) curve for
true positive vs false positive rate is also shown in Fig. 2.
The ROC curve illustrates the diagnostic ability of our
classifier as the discrimination threshold value varies. The
area under curve (AUC) shows that our model performed
efficiently during the test evaluation. The confusion matrix
shown in Fig. 3 below shows the accuracy of the models in
classifying parameters related to healthy individuals and
individuals suffering from type II diabetes mellitus. ANN
outperforms the other two models, which is evident from
the confusion matrix shown below. It has the least per-
centage of false positive and false negative classifications.
The percentage of misclassified parameters is significantly
low for the test set. Overall misclassifications are observed
to be at 8.1%. The recall metric measures the sensitivity
of the classifier and again highlights the completeness of
the ANN model in this task. From the performance of
the models, it is inferred that ANN and Bayes outperform
SVM in every aspect. The higher accuracy of ANN model
is due to the fact it is more robust than the other two and is

Table 2 Performance of the employed models evaluated on various
statistical metrics

Models Accuracy ROC Cross-entropy Percentage error Recall

Bayes  0.78 0.81 3.12051e—-0 12.12 0.76
SVM  0.55 0.57 9.99377e—-0  39.32 0.59
ANN  0.83 0.87 1.12245e-0 8.56 0.81
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Fig.2 Receiver operating char-
acteristic (ROC) area of all the
classifier models . ROC AREA
1
09
0.8
07
0.6
05
04
03
02
0.1
0
BAYES PROBABILISTIC SV ANN
MODEL
All Confusion Matrix All Confusion Matrix All Confusion Matrix
1 760 24 89.1% | 533 233 61.5% 1 844 36 95.0%
42.2% 5.2% 10.9% 29.6% 18.5% 38.5% 46.9% 2.5% 5.0%
0 " ®
s L s
] 54 892 94 4% QL 200 732 78.6% = 0 910 100%
E 2 3.0% 49.6% 5.6% ‘g 1.1% 40.7% 21.4% a 0.0% 50.6% 0.0%
5 5 5
¢} (o] e}
93 4% a0 .5% 91.9% 72.7% 70.4% 100% 95.3% 97.5%
6.6% 9.5% 8.1% 27 3% 29.6% 0.0% 7% 2.5%
A v N v N LR
Target Class Target Class Target Class

Bayes Probabilistic Model

Support Vector Machine

Artificial Neural Network

Fig.3 Confusion matrix for the models, namely Bayes model, support vector machine, and artificial neural network

fault intolerant. The property of ANNs to create modifica-
tions within its system to change according to the system
and subsequent learning comes in handy during the clas-
sification process.

Comparison of the level of liver enzymes in healthy
controls and patients suffering from T2DM

This segment analyzes the correlation among the prob-
able parameters that lead to the pathogenesis or increases
the risk of type 2 diabetes mellitus in healthy individuals.
The comparative analysis of the results of the level of liver
enzymes between the two cohorts is presented in the upcom-
ing sections.

@ Springer

ALP levels in healthy controls and patients suffering
from type 2 diabetes mellitus

In previous studies that have been carried out, it is percep-
tible that the level of ALP in type II diabetic patients is
elevated (ALP > 104 U/L) as compared to those who do not
suffer from it [15]. However, in this study, it was observed
that there was a significant increase in the level of ALP
enzyme in the non-type Il diabetic participants as well, evi-
dent from Fig. 4 given below. When the rate of incidence of
patients suffering from type II diabetes was compared with
the level of ALP, it was found that the number of individuals
suffering from type 2 diabetes is highest, having ALP level
of about 170 U/L. The number of type II diabetic individuals
however remained less, though not significant, for the other
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ALP levels in T2DM vs Healthy
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Fig.4 Level of ALP in healthy controls and patients suffering from
type II diabetes mellitus

AST levels in T2DM vs Healthy
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Fig.5 Level of AST in individuals suffering from type 2 diabetes and
normal healthy controls

levels of ALP. In the case of healthy individuals, ALP levels
were around 120 U/L.

AST levels in healthy controls and patients suffering
from type 2 diabetes mellitus

From Fig. 5, it can be observed that the level of AST is com-
paratively low in individuals suffering from type II diabetes.
From the figure, it is evident that the highest incidence of
individuals suffering from type II diabetes [16] is observed
among those who have an AST level of about 300 U/L. This
value coincided in non-type II diabetic individuals as well.
Another striking observation that can be made from the fig-
ure is that the number of individuals having AST level of
about 350 U/L was high in non-type II diabetic cohort com-
pared to those suffering from type II diabetes. The number
of individuals having other lower levels of AST was not
significantly different in both the cohorts.

ALT levels in healthy controls and patients suffering
from type 2 diabetes mellitus

In previous studies that have been conducted, it was found
that a higher level of ALT (ALT > 56 U/L) [11] is an indi-
cator of the pre-diabetic condition in individuals [17, 18].
In the study that has been carried out, the level of ALT was
high in the individuals suffering from type II diabetes. From
Fig. 6 shown below, it is observed that the number of type
II diabetic individuals having ALT level approximately 250
U/L is highest. However, the level of ALT was found to be
higher in non-type II diabetic individuals as well. The num-
ber of individuals who were not suffering from type II diabe-
tes was highest having an ALT level of about250 U/L, which
is nearly same as those individuals suffering from T2DM.

Fig.6 Comparative analysis
between the levels of ALT

in individuals suffering from
T2DM and non-T2DM indi- 250
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Fig.7 Comparative analysis
between the levels of GGT
in individuals suffering from

GGT levels in T2DM vs Healthy
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GGT levels in healthy controls and patients suffering
from type 2 diabetes mellitus

A similar previous research [19] has shown that the level
of GGT increases in individuals suffering from type II
diabetes. A similar trend in our study shows that the level
of GGT is higher in individuals who were at a risk of
developing diabetes or were in the pre-diabetic stage. It
was observed that the level of GGT increased (GGT >
48 U/L) in individuals suffering from type II diabetes.
Furthermore, from Fig. 7, we can infer that the number
of individuals having type II diabetes show GGT levels
around 750 U/L.

Effect of alcohol intake on the level of GGT

Previous studies have already shown that the level of GGT
increases with increase in alcohol intake. The level of GGT
has been shown to increase if the alcohol intake increases
more than 20 mg/day. Increase in the level of GGT is indica-
tive of the risk of individuals to develop type 2 diabetes mel-
litus. In the study that was carried out in non-type 2 diabetes
individuals, it was found that the level of GGT in individu-
als increased positively with increase in alcohol intake. In
Fig. 8, a correlation analysis was carried out between the
level of GGT and alcohol intake in non-type 2 diabetic indi-
viduals which clearly indicates that the graphs coincided at

Fig.8 Correlation analysis
between alcohol intake and
GGT level
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a point where the levels of both alcohol intake and the level
of GGT are highest, suggesting the point that the level of
GGT increases with increase in alcohol intake.

Effect of sleeping duration on the level of liver enzymes

In a study carried out by Ioja [20], it was observed that the
level of liver enzymes, particularly GGT and ALT [21], was
found to be elevated in 42.3% of the study sample who had
irregular sleeping pattern and less duration of sleep. In the
demographic analysis that we carried out, it was found that
42.85% of the patients suffering from T2DM have irregu-
lar sleeping patterns as well as less duration of sleep (<4
h). This data was then correlated with the levels of liver
enzymes which showed that they negatively correlated with
proper sleep pattern. It was found that 7-8 h of proper sleep
lead to a decrease in the level of liver enzymes.

From Table 3, it is understood that the percentage of
increase in the various liver enzymes negatively corre-
lates with the decreased duration of sleep, which is a trend
observed in the non-type II diabetic individuals enrolled in
the study. The level of the liver enzymes was found to be
highest in individuals who had irregular sleeping patterns
as well as slept for a duration < 4 h. Out of the four men-
tioned liver enzymes, the level of ALT and GGT was found
to increase at a maximum in individuals who had an average
sleep duration of less than 4 h.

Effect of fast food intake on the level of ALT

Past research [22] has shown that the level of liver enzymes
increases with increase in fast food and non-vegetarian
food intake. Thus, an increase in level of ALT increases the
risk of developing T2DM in healthy individuals. We have
observed the level of ALT was higher in those individuals
with high fast food intake. This is perceptible from Fig. 9
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Fig.9 Correlation between fast food intake and level of ALT in
healthy individuals

that shows a high correlation of 0.71 between the levels of
ALT and fast food intake.

Discussion

Diabetes mellitus and its complications are a major concern.
In 2015, the International Diabetes Federation (IDF) esti-
mated that in the age group of 20-79 years, one in every 11
adults (approx. 410 million) had diabetes mellitus all across
the world. By 2040, this estimated to shoot up to 650 million,
with the highest increases from the regions undergoing eco-
nomic transitions from low-income to middle- or high-income
levels. Escalation in the epidemic of diabetes mellitus is due
to multiple reasons, which includes ageing of the population,
urbanization and economic development, unhealthy food hab-
its, and sedentary lifestyles. More than 90% of diabetes mel-
litus cases are type II diabetes mellitus (T2DM).

Table 3 Percentage increase
in the levels of various liver

Avg. duration of sleep Increase in AST

Increase in ALT Increase in ALP Increase in

; . (in hours) levels (in %) levels (in %) levels (in %) GGTP levels
enzymes w1th decreasg in (in %)
average sleeping duration in
healthy individuals 4 28.37 29.72 2631 29.85

4.5 24.32 21.62 20.12 22.10
5 16.21 18.91 17.10 16.35
5.5 13.51 12.16 11.06 10.35
6 10.81 9.45 9.75 8.21
6.5 5.40 2.70 341 2.05
7 2.70 2.71 2.45 2.01
7.5 1.35 1.40 1.37 1.25
8 1.33 1.39 1.25 1.05
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However, the major real-world medical issue is the detec-
tion of diabetes at an early stage. Through this study, efforts
were made to create models that serve the abovementioned
purpose effectively. Three such models based on different
algorithms were employed and tested on various statisti-
cal metrics. The model based on Al performed much better
than its other counterparts did. The statistical model, Bayes
model, also performed satisfactorily well given similar cir-
cumstances. With the advance in Al techniques, neural net-
works can be proposed as an effective diagnosing tool in
detecting diabetes. In addition to the enzymatic parameters,
the ANN model adequately mapped various other attributes
such as alcohol intake, amount of sleep, and fast food intake
with type II diabetes (correlational analysis). The higher
accuracy metrics and true classifications between healthy
and type II diabetic individuals confirm our notion.

Escalation in the epidemic of diabetes mellitus is due
to multiple reasons, which includes ageing of the popula-
tion, urbanization and economic development, unhealthy
food habits, and sedentary lifestyles. More than 90% of dia-
betes mellitus cases are type 2 diabetes mellitus (T2DM).
According to previous studies, the level of liver enzymes
(ALP, ALT, and AST) is found to be elevated in individuals
suffering from T2DM [1, 2]. This is in concordance with
the present study where the subjects suffering from T2DM
enrolled showed elevated levels of liver enzymes (ALP >
104 U/L, AST > 40 U/L, ALT > 56 U/L, GGT > 48 U/L).
This is suggestive of the association of elevated levels of
liver enzyme with the onset of T2DM and may be con-
sidered as a secondary prognostic marker. Approximately
52.06% of the healthy subjects enrolled in the study showed
an elevation in the level of liver enzyme. The healthy sub-
jects showed an approximate of 170-220 U/L in the level of
ALP, 350 U/L of AST, 250 U/L of ALT, and 1450 U/L of
GGT, respectively. The trend that has been observed in the
healthy subjects is suggestive of the risk of development of
pre-diabetic condition in them. These findings underscore
the medical relevance of monitoring liver enzyme levels as
potential indicators and prognostic markers for the onset and
progression of T2DM.

In a previous study carried out by Pamidi et al. [22], it
has been demonstrated that obstructive sleep apnea (OSA),
a reversible sleep disorder, has become a novel risk factor,
related to insulin resistance and glucose intolerance lead-
ing to the onset of pre-diabetes in approximately 20-67%
population and T2DM in approximately 15-30% people.
Several researches have also suggested that in patients suf-
fering from T2DM, approximately 36-60% of them suf-
fer from OSA than normal healthy people. In the present
study, about 42.8% of the patients suffering from T2DM and
56.44% had irregular sleeping pattern with sleep duration of
less than 4 h which is in line with previous researches [3].
These findings underscore the significance of recognizing

@ Springer

the probable interplay between OSA and T2DM, as well as
the impact of inadequate sleep duration, shedding light on
potential avenues for intervention and preventive measures
in the management of diabetes.

Previous researches have reported that the level of liver
enzymes, particularly GGT and ALT, was elevated in 42.3%
of the study sample who had irregular sleeping pattern and
also less duration of sleep [5, 23]. When the level of liver
enzyme and sleep pattern was analyzed in the diseased
cohort in our study, it was found that majority of the patients
suffering from T2DM had elevated levels of liver enzymes
due to irregular sleeping pattern. In the healthy volunteers,
it was observed that the level of liver enzyme was elevated
in individuals having less than 4 h of sleep (ALT ~29.72%,
AST ~28.37%, GGT ~29.85%, and ALP ~26.31%). It was
also observed that with increase in sleep duration (<8 h), the
level of liver enzymes gradually decreased (ALT ~1.39%,
AST ~1.33%, GGT ~1.05%, and ALP ~1.25%). This is sug-
gestive of the fact that proper sleeping pattern is a modifiable
risk factor associated with T2DM.

Previously carried out studies have shown that the level
of GGT increases by twofold after heavy alcohol consump-
tion [6]. This is in line with the observation in this study
that indicated an elevated level of GGT in these individuals
correlated positively with increase in alcohol intake. Inter-
estingly, it has been concluded in earlier studies that eleva-
tion in the level of GGT is a secondary prognostic marker
for predicting the onset T2DM or pre-diabetes in healthy
individuals. Thus, the increased level of GGT can be used
as prognostic marker in predicting the onset of T2DM in the
current study population.

High intake of carbohydrates and fats, particularly from
processed and red meats, contributes to insulin resistance
and the development of type 2 diabetes mellitus (T2DM)
[7]. Studies consistently indicate that diets low in fiber and
high in glycemic content are associated with an elevated
risk of T2DM [7]. The persistent consumption of processed
meats and soft drinks further heightens the risk. In our study,
a substantial 67.98% reported a high intake of fast food,
indicating an increased risk of insulin resistance and T2DM
onset. Notably, individuals with energy intakes exceeding
11.39% kcal/week from fast foods exhibited more than a
twofold increase in ALT levels (>12 U/L). In non-T2DM
individuals, we observed a significant positive correlation
(p <0.007, p < 0.05) between fast food intake and elevated
ALT levels. This suggests the pivotal role of diet as a modi-
fiable risk factor in insulin resistance and T2DM develop-
ment, emphasizing the importance of promoting diets rich
in whole grains, fruits, vegetables, legumes, and nuts for
diabetes prevention [7, 8].

The study revealed elevated liver enzyme levels, specifi-
cally ALT and GGT, in individuals with high alcohol and
fast food intake, along with an irregular sleep pattern (less
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than 4 h). These findings suggest that apparently healthy
individuals, not diagnosed with type 2 diabetes mellitus, are
at a heightened risk of predisposition to the condition. Rec-
ognizing these risk factors is crucial for early intervention
and diabetes prevention.

Conclusion

Through this study, we have created models both based on
statistics and machine learning algorithms to help predict type
II diabetes at an early age. Neural networks were observed
to be performing better than Bayes and SVM model. In the
future, such models can be used to diagnose or predict other
similar diseases. However, the accuracy of machine learning
models depends on the training and learning the task. These
models can show better accuracy with a higher dataset. There-
fore, for a better generalization capability, sufficient data has
to be made available to these models. We also observed that
the level of liver enzymes, particularly ALT and GGT, was
elevated in individuals who have high alcohol and fast food
intake as well as those having an irregular sleeping pattern
and an average sleeping duration of less than 4 h. These traits
are indicative of the fact that these healthy individuals, who
have not yet been diagnosed with type II diabetes mellitus, are
at a higher risk of predisposition towards it.

This study will help in establishing the facts that demo-
graphic factors, such as increased fast food intake, alcohol
consumption, and irregular sleeping habits, play an indispen-
sable role towards the pathogenesis of type II diabetes mel-
litus. A timely diagnosis and management of the abnormal
liver enzyme levels, due to irregular and improper lifestyle
patterns, may help to minimize the incessant rate of increase
in the diabetic population.
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