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Nowadays, among the diseases with the greatest rate of growth and diabetes mellitus is the
primary cause of illness and transience globally. Diabetes mellitus is the aggregate term for
the metabolic disorders are defined by consistently increased blood glucose levels. The most
important thing is to identify diabetic patients early on, since this reduces the individuals'
chance of developing serious diseases. Early disease detection is made possible in large part
by machine learning. This research presents the use of ensemble machine learning for the
classification and prophecy of mellitus diabetes. The Pima Indians Diabetes Dataset, which
was acquired from the UCI ML Origin, was used in this investigation. This is a proposal for
a decision support system that classifies using the AdaBoost algorithm and Decision Stump
as a decision tree classifier. 768 instances and 8 attributes made up the global dataset used
for training by the system. It originated from the Irvine (UCI) ML origin at the University
of California. For example, the ensemble AdaBoost and decision tree classifiers scored
better with 95% F1-Score, 94% accuracy, 94% precision, and 95% recall. Experimental
results essentially demonstrated that the comparison of overall performance outperforms
well-known classifiers.

1. INTRODUCTION

People with diabetes mellitus face several health issues as a
result of this chronic condition. It is predicted to increase by
642 million by 2040, having already reached 415 million
worldwide [1]. The second-highest number of diabetes world
has been identified in India. A heart attack, blindness, kidney
failure, limb amputation, and even early death can result from
late detection and inadequate treatment of diabetes mellitus,
which typically shows no symptoms in its early stages [2].
Extremely elevated body fluid sugar echelons are an assurance
of the clinical condition well-known as diabetes.

The bloodstream contains excess glucose, which can
transform into a rich source of energy as it breaks down [3].
However, only if they get inside the body's cells are they
broken down. The glucose molecules create deposits and turn
into plaque when they stay in the bloodstream for a long
duration of time rather than entering the cells [4]. Heart attacks,
obesity, and other serious health problems are brought on by
this plaque structure. Usually, persons over 40 experience this
type of disease, but sometimes it occurs earlier.

Diabetes mellitus occurs in three main types, which are as
follows: The immune system of the patient mistakenly targets
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and kills the beta cells in the patient's digestive gland that
produce insulin in the chronic illness known as type 1 diabetes
[5].

When a patient has type-2 diabetes, resulting in decreased
insulin production. which raises their blood sugar levels [6].
Recent research indicates that 80% of instances of type-2
diabetes can be avoided with early detection. "Pre-diabetes" is
the term used to describe blood sugar levels that are too high
to be classified as type 2 diabetes [7].

High blood sugar levels during pregnancy put a woman at
risk for gestational diabetes. Insulin is normally secreted by
the body to maintain blood glucose levels when an individual
consumes food [8]. To support the growth of the fetus, the
woman's placenta produces a hormone known as human
placental lactogen during pregnancy. This hormone supports
in the breakdown of the woman's body fats [9]. An oral
glucose tolerance test is used to determine gestational diabetes.
Typically, this test is performed between weeks 24 and 28 of
gestation. The metabolic changes that occur in the latter stages
of pregnancy are linked to this type of insulin resistance. As
stated in the reason, the WHO intelligences that a significant
proportion of children have type 1diabetes. Therefore, diabetes
can be considered a serious chronic disease [10].
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Global health and welfare depend on the prevention and
early detection of diabetes; therefore, an effective diabetes
diagnosis and a mechanism for predicting the various
conditions will affect the severity of diabetes are essential [11].
Predictive models for diabetes development therapies based on
those risk factors [12].

In order to give people with a high-quality life, machine
learning algorithms are an optimal option for early diabetes
detection with a high level of confidence. Particularly in the
medical sciences, classification is an essential tool for analysis
and decision-making. Without explicit programming, machine
learning (ML) algorithms can learn on their own [13]. Model
validation is the process by which the tested data set can be
used to assess the training model.

They evolve into either supervised or unsupervised
algorithms, depending on the situation. Through examining
datasets from individuals who have diabetes mellitus. In order
to make an accurate diagnosis, they want to employ algorithms
for machine learning. The categorization and prediction of
mellitus diabetes using ensemble machine learning is
presented in this study. This study made use of the Pima
Indians Diabetes Dataset, which was obtained from the UCI
ML Origin.

It includes 768 data of Pima Indian female patients who are
21 years of age or older. In addition to a binary class label
indicative of the presence (1) or absence (0) of diabetes, eight
clinical characteristics are included in each record: age,
pregnancies, BMI, blood pressure, skin thickness, insulin level,
glucose level, and diabetes pedigree function.

This dataset's organized nature and medically relevant
features for diabetes prediction make it perfect for
classification tasks with ensemble machine learning models.
This paper makes use of AdaBoost and Decision Trees (DT).
F1-Score, Accuracy, Precision, and Recall were the
performance analysis parameters that were used. The structure
of the remaining paper is as follows: Section 2 provides an
explanation of the literature survey. Section 3 provides an
explanation of the diabetes mellitus classification and
prediction model. Results analysis is explained in Section 4.
Section 5 presents the conclusion.

2. LITERATURE SURVEY

Lekha and Suchetha [14] investigate the application of a
modified convolution neural network (CNN) algorithm that is
one-dimensional (1-D) and integrates methods for both feature
descent and classification. It is discovered that the method
suggested in this research significantly reduces the limitations
of applying these techniques separately, therefore enhancing
the classifier's performance even further. This study employs
amodified 1-D CNN to analyse real-time breath data obtained
from several gas sensors. Testing and system performance are
carried out and assessed.

A sparse representation classifier (SRC) and facemask
chunk colour topographies are rummage-sale in Zhang and
Zhang's study [15] to diagnose diabetic mellitus (DM) in a
novel non-invasive way. A non-invasive apprehension device
with image amendment is castoff to take the first image, which
is created by precisely positioning four facemask blocks all
over the place of the face. Results of the experiment are
displayed for a dataset that includes 284 DM samples and 142
healthy samples. The SRC's average accuracy is 97.54% when
using a combination of the face blocks to differentiate between
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the Healthy and DM classes. Fitriyani et al. [16] state that a
DPM that may antedate type 2 diabetes and hypertension in
advance can be generated utilizing information on an entity's
risk issues.

The data distribution is balanced using the SMOTET omek,
diseases are predicted using an ensemble approach, and outlier
data is eliminated using an iForest based outlier detection
method. When unforeseen health concerns emerge in their
early stages, the mobile application then receives the
prediction result, allowing for prompt and suitable action to be
made to reduce and eliminate a person's risks.

Nuankaew et al. [17] suggest a method to predict type 2
diabetes using variables that represent individual health
conditions. In particular, as a requirement for a successful
prediction model, based on the idea that every person has a
diversity of wellbeing issues fetched on by various personal
traits, this study suggests a unique prediction technique termed
AWOD. Two datasets, each with 392 records, were examined
in order to verify the recommended methodology. According
on the comparative findings, the suggested approach obtained
accuracy rates of 93.22% and 98.95% for Datasets 1 and 2,
respectively., outperforming previous machine learning-based
strategies.

Guo etal. [18] suggest a new Multi-Feature Complementary
Learning (MFCL) model for the identification of DM. By
generating feature-specific projections, many features are
independently projected into a shared observation space and
effectively combined into a single vector. Finally, an
optimization approach is suggested to produce fused feature
vectors by alternatively optimizing the projection variables. In
terms of DM detection, the proposed method outperforms
state-of-the-art techniques with an accuracy of 92.85% [19]. A
unique DL architecture is suggested to identify if a being has
diabetes Centered on a retinal scan. We use a very modest
dataset to create our multi-stage CNN-based prototypical
DiaNet, which can achieve over 84% accuracy on this test.
Medical professionals in the field have confirmed that it
effectively locates the areas of retinal pictures that influence
its decision-making. Prognostic indicators for diabetes and
other comorbidities, according to our studies, such as ischemic
heart disease and hypertension, can be present in retinal
images.

Anaya-Isaza and Zequera-Diaz [20] required a
classification index such as the TCI. They then created 12
distinct data augmentation techniques using the deep CNN
pattern, including 8 recently presented techniques and 4
conventional methods. By regulating the DM probability
percentages for both foot pictures, a 100% detection was
achieved. proving that the network's performance was
enhanced by both the recommended and conventional methods
[21].

A worker-centric, loT-enabled, empowered framework for
tracking users' health, well-being, and functional capacities is
proposed with the aid of Al approaches. Diabetes is a chronic
condition that is prevalent in both developed and developing
nations and lowers people's quality of life. It has a high fatality
rate. The ensemble Weighted Voting LRRFs ML model,
which has an area under the ROC curve (AUC) of 0.884, is
proposed to enhance diabetes prediction. A model for diabetes
forecast using fused ML is presented by Ahmed et al. [22].

The two model types that made up the conceptual
framework are SVM and ANN models. The proposed fused
machine learning model performs better than the previously
mentioned methods, with a prediction accuracy of 94.87.



To screen for type 2 diabetes, Zanelli et al. [23] offer a Light
CNN-based model that uses a one unprocessed pulse taken
from the photoplethysmogram.

We evaluate various model architectures that include
designed photoplethysmography (PPG) features or biological
sex and age as inputs in addition to the baseline design. When
trained using age, biological sex, and raw PPG waves without
the use of transfer learning, our model attained an AUC of 75.5,
which is competitive with the state-of-the-art. Nurmi and
Lohan [24] examined if diabetes can be accurately predicted
by a single sensor or by a combination of sensors. When
employing the XGBoost approach, we discovered that a
multisensory ~ combination  consisting  of  glucose,
electrocardiogram (ECQ), and accelerometer (ACC) sensors
produces the highest prediction accuracy of 98.2%. Despite
their faster convergence, three-sensor combos that combine
glucose, ECG, and performance curves have the same
accuracy as four-sensor combinations in terms of ACC. To
identify type 2 diabetes, the amount of acetone in exhaled
breath is measured. To identify the disease, a new sensing
module with a number of sensors is used to track the acetone
concentration. CNN and other DL algorithms are frequently
used to automatically evaluate medical data and generate
predictions. When compared to present non-invasive methods,
the suggested detection strategy and deep learning algorithm
provide higher accuracy [25].

3. CLASSIFICATION AND PREDICTION OF
MELLITUS DIABETES

Figure 1 demonstrations the block diagram for the
categorization and prediction of mellitus diabetes using
ensemble machine learning. Data from the UCI ML origin is
used in the training phase. There are 8 characteristics and 768
illustrations in the dataset.

The attributes are,

The total number of pregnancies a patient woman
Level of glucose/sugar

Diastolic blood pressure (measured in millimeters Hg)
The patient's BMI

The thickness of the skin fold in mm

The value of insulin in two hours

Pedigree function: a hereditary component

The patient's age in years

Normalization is used to pre-process the diabetic dataset in
the first phase. It is referred to as the pre-processing phase. The
diabetes outcome prediction is impacted by these attributes'
null values. Therefore, in order to create an effective machine
learning model, data preparation is essential. There were some
missing bits of information in the gathered dataset. An
approach to deal with missing values is by After removing the
missing value attribute and replacing zero for the missing
values, replace them with the column's mean value. Using
min-max normalization, diabetes datasets are pre-processed to
transform all variables within the same range (0 and 1).

In machine learning, finding and eliminating relevant
features from unprocessed data is known as feature extraction.
A more useful dataset is then produced using these features,
and it can be used for a number of tasks, including
classification and prediction.

To extract the dataset's finest features, we utilized Scikit-
learn's SelectKBest feature selection algorithm. All but the k
highest score features are eliminated by the SelectKBest. The
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"f classif" function, which provides the ANOVA F-value
between the label and feature for classification tasks, is the
classification scoring function that is used. The optimal risk
variables for Foretelling diabetes mellitus were determined
using the F-value and p-value of each predictor.

Diabetes dataset

h 4

Data normalization and preprocessing through neural
designer tool

:

Feature extraction

k4

Feature selection

Configuration of NN architecture (number of nodes and

hidden layers)
Splitting ofdata
h 4 A 4
Training set Testing set
h 4 4

Adaboost-Decision tree

k4

Evaluation of prediction

Result analysis of performance evaluation

Figure 1. Block diagram of classification and prediction of
mellitus diabetes

The three levels of a NN architecture are the neural network
layer, the scaling layer, and the probabilistic layer. This neural
network architecture has an 8:3:1 structure. Alternatively,
there are three processing nodes, eight input nodes, and one
output node. The complex structure of the model is
represented by the three hidden neurons. For testing and
training, a percentage split option is offered. 25% of the 768
instances are utilized for testing, while 75% are used for
training. AdaBoost and DT utilized in this work for
classification and prediction of mellitus diabetes. Here, a
decision support system is suggested that classifies data using
the AdaBoost algorithm and Decision Stump as a decision tree
classifier.



A classification technique having root, internal, and leaf
nodes is called a decision tree. The leaf node will be given the
class label. Different test conditions are included in the root
node and non-terminal node to differentiate between different
attributes. The information obtained determines which root
node is chosen. The branch is chosen based on the result of
applying the condition to each record while keeping the
beginning node. The property with the highest information
gain value will be the root node. The purpose of this node is to
add the extra attributes as children.

The training data is first given equal weight by the Adaptive
Boosting (AdaBoost) algorithm. Developing a weak learner
into a strong learner is the primary objective. Consider about
the diabetes dataset's overall number of cases. Both positive
and negative class labels are used. Decision tree is considered
as classifier algorithm. Determine each instance's weight in the
diabetic dataset. Give each sample in the diabetes dataset the
same weight that was determined in the previous step. The
decision tree classifier should be trained. Adjust (raise) the
samples' weight if the diabetes sample is incorrectly identified.
Reduce the weight of the cases if the diabetic sample is
properly arranged. The iteration keeps going until the training
error reaches zero or a user-specified value.

The effectiveness of categorizing algorithms was assessed
by taking into account a number of recital meters, including
F1-score, recall, accuracy, and precision.

4. RESULT ANALYSIS

This section evaluates the effectiveness of the ensemble
machine learning approach for diabetes mellitus
categorization and prediction that was previously addressed.
Performance metrics such as Fl-score, recall, accuracy, and
precision are used to assess performance. The UCI machine
learning repository supplied the global dataset's 768 instances
and 8 attributes for training that the system uses. 25% of the
768 instances are utilized for testing, while 75% are used for
training. Below are the definitions and computation formulas
for these parameters:

Accuracy: It is described as the ratio of accurate forecasts
to all forecasts. In Eq. (1), the formula is as follows:

TP+TN

1
TP+TN+ FP+FN M)

Accuracy =

Precision: It's described as the ratio of all samples that were
accurately predicted to be true out of all samples that were
projected to be true, even if they were incorrect. In Eq. (2), the
precision parameter is represented,

TP

—_— 2
TP + FP @)

Precision =

Recall: This refers to the proportion of pertinent outcomes
that the machine learning system forecasts. Another name for
it is the true positive rate.

The following is the formula;

TP

_ 3
TP+ FN ®)

Recall =

F1-score: It is a dataset that blends recall and precision in
ML to assess a model's performance.
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Precision * Recall

F1 — Score = 2 * 4)

Precision + Recall

Table 1 contrasts the performance of the mentioned
classification and prediction of mellitus diabetes using
ensemble machine learning (AdaBoost+Decision tree) and
prediction of mellitus diabetes using K-Nearest Neighbor
(KNN) models in terms of precision, accuracy, F1-score, and
recall parameters.

Figure 2 shows the graphical representation of accuracy
parameter for Classification and Forecast of mellitus diabetes
using described (AdaBoost+Decision tree) model and KNN
model. In this graph, described model achieves high accuracy
value compared to other models.

Table 1. Performance analysis

Classification and Forecast of Mellitus Diabetes

Parameters Model
AdaBoost+Decision KNN Confidence
Tree Interval
Accuracy 115 and
%) % 8 125mgdL.
Precision 115 and
(%) %4 %0 125mg/dL.
115 and
Recall (%) 94 91 125mg/dL.
F1-Score 115 and
%) 9 88 125mg/dL.
Accuracy
100
98 -
o 96 -
on
& 94 -
g 92 -
£ 90 -
2 88 -
86 -
84 -
AdaBoost + Decision KNN
tree
models

Figure 2. Accuracy parameter comparative analysis

Precision parameter comparative analysis is presented in
Figure 3 for two models, based on classification and prediction
of mellitus diabetes. Highest precision value (97%) is obtained
for described model.

Comparative graphical analysis is represented in Figure 4
for classification and forecast of mellitus diabetes by means of
described (AdaBoost+Decision tree) model and KNN model.
96% of recall wvalue is obtained for described
AdaBoost+Decision tree) model.

F1-Score parameter graphical representation is elaborated
in Figure 5 for two models. It is observed that described model
is more efficient with high F1-Score compared to the other
model.

Here’s a simple comparison of computational efficiency
(like training time) between AdaBoost+Decision Tree and
KNN:



AdaBoost+Decision Tree
Training Time: High
o Trains multiple decision trees in sequence.
o Each tree focuses on fixing errors of the
previous one.
Prediction Time: Fast
o Final model is a weighted sum of trees, so
prediction is quick.
Best For: When training time is acceptable, but fast
predictions are needed.
K-Nearest Neighbors (KNN)
Training Time: Very Low
o Just stores the data-no real "training."
Prediction Time: Slow
o Must calculate distance from test point to a//
training points.
Best For: When training is quick and dataset is small.

Precision

100

95

90

percentage

85

AdaBoost +
Decision tree

KNN

models

Figure 3. Precision parameter comparative analysis

Recall
100 -
%]
&
S 95
(5]
£ 90
-]
2
85 -
AdE'lB.OOSt-i- KNN
Decision tree
models

Figure 4. Recall parameter comparative analysis

From overall analysis, it is observed that, described
classification and prediction of mellitus diabetes using
ensemble machine learning (AdaBoost+Decision tree) is more
efficient in terms of all parameters. The obtained values for the
Accuracy, Precision, Recall, and F1-Score parameters are 98%,
97%, 96%, and 97%, respectively.
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F1-Score
-
o 100
)]
3
g 90
(5]
g
80
+
Ada.lBoost KNN
Decision tree
models

Figure 5. F1-Score parameter comparative analysis

5. CONCLUSION

The classification and prediction of diabetes mellitus using
ensemble machine learning is described in this work. Early
detection of diabetes lowers the hazards to the patient's health.
Physicians, patients, and the patient's family may benefit from
the prediction's outcomes. We introduced a technique for
diabetes prediction that uses machine learning techniques.
This is a proposal for a decision support system that classifies
using the AdaBoost algorithm and Decision Stump as a
decision tree classifier. The global dataset used for training
was gathered from the UCI machine learning repository and
consists of 768 instances and 8 characteristics. Out of 768
instances, 75% are used for teaching and 25% are used for
testing. Precision, accuracy, Fl-score, and recall are
performance indicators used for performance evaluation. The
equivalent attained values for the Accuracy, Precision, Recall,
and F1-Score parameters are 95%, 94%, 94%, and 95%,
respectively.

6. FUTURE WORK

Future research can go in a number of areas, despite the fact
that ensemble machine learning algorithms have demonstrated
encouraging results in the classification and prediction of
diabetes mellitus. Future research can first concentrate on
combining bigger and more varied datasets from other clinical
and demographic sources. As a result, ensemble models will
be more robust and generalizable across populations. Second,
new health indicators including genetic markers, lifestyle
factors, and data from continuous glucose monitoring can be
incorporated into feature engineering to further enhance it and
perhaps increase predicted accuracy.

The creation of hybrid ensemble models, which blend deep
learning techniques with more conventional techniques like
Random Forest and Gradient Boosting, is another avenue.
Complex temporal patterns and non-linear correlations in
patient data may be captured by such integration. Furthermore,
explainability in ensemble learning is still a problem; future

research should concentrate on interpretable ensemble
frameworks that can give physicians clear insights for decision
support.

Lastly, real-time predictive technologies that are

implemented via cloud-based or mobile platforms can be
investigated to facilitate early intervention and individualized



healthcare. To guarantee the dependability and practical
usefulness of ensemble models in diabetes management,
validation through clinical trials and cooperation with medical
experts will be crucial.
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