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A dangerous disease in humans, diabetes mellitus is caused by elevated glucose levels. Untreated
diabetes may cause a host of further serious health complications. This research aims to predict the
occurrence of diabetes by analysing several human bodily characteristics. For the purpose of
diabetes mellitus risk prediction, an ensemble method called En-RfRsK is suggested. This voting
classifier combines three machine learning techniques: RF, R-SVM, and KNN. RF makes use of
the results obtained from a multitude of models or trees that are not always evenly distributed.
Using a function whose value varies as the distance from the origin increases, R-SVM is able to
make predictions. By analysing diabetic data, KNN is able to understand the non-linear decision
limits. This new method makes use of all the best features of various ML approaches. Since
ensemble methods outperform single classifiers in terms of accuracy and flexibility, the suggested
method is an amalgamation of preexisting ML techniques. Because of its superior prediction
powers and accuracy, it provides the most suitable answers. Using the PIMA diabetes dataset,
experiments were conducted. Experiments clearly show that the suggested method beats both the
current baseline classifiers and the most cutting-edge ML diabetes mellitus prediction systems. An
accuracy of 91% was achieved using the En-RfRsK method.
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1. Introduction

Untreated diabetes poses an unfathomable threat to human prosperity and is among the most
well-known chronic diseases in the world [1]. Diabetes may be classified into two main forms:
type 1 and type 2. Type 1 diabetes occurs when the pancreas does not secrete enough insulin,
despite the fact that the body searches for insulin-producing cells in that organ. A lack of
proper cellular response to insulin—insulin resistance [2, 3]—is a hallmark of type 2 diabetes.
Globally, 9.3% of the population would be unable to control their diabetes by 2019, with that
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figure expected to rise to 10.2% (578 million) by 2030 and 10.9% (700 million) by 2045,
according to surveys [4]. Along with that, half of all diabetics are unaware that they have the
disease. The use of blood glucometers allows for the monitoring of diabetes over certain time
intervals. Continuous glucose monitoring devices are used to assess a patient's current glucose
level. These devices are minimally intrusive and allow for continuous measurement of diabetes
[5]. Delay in diabetes diagnosis affects several bodily organs, including the kidneys, eyes,
heart, and nerves [6]. Consequently, a prompt and precise diagnosis of diabetes is of the utmost
importance.

To diagnose and understand diabetic data, proper data analysis is required when data
management becomes a categorisation challenge [7]. Thus, it is highly appreciated when
artificial intelligence is used to accurately anticipate diabetes. In today's world, some of the
most cutting-edge technologies include ML, deep learning, Al, the internet of things, and big
data [8]. Early on, patients may use ML to confirm their health, and it will help doctors with
future research, too [9]. Regression and classification problems are both amenable to its use.
Since diabetes prognosis is a classification issue, we may categorise individuals based on their
diabetes status. Numerous ML methods are useful for looking at the data from different
perspectives and combining it into useful knowledge. Learning include preparing the dataset,
extracting and selecting features, doing training and testing, and evaluating outcomes [10].
Clinical information, text information, and sensor data are examples of the types of data
generated by various wearable devices, and the majority of this data is in its raw form [11]. In
order to make reliable predictions, pre-processing is required to transform this data into a
usable format, which includes dealing with dataset missing values and imputed missing values.
The key to making the best prediction is selecting the top attributes from the feature space,
since there are several at-tributes in the dataset [12]. Predicting the likelihood of diabetes
effectively may need the application of ML methods such RF, NN, DT, and SVM [13].
Training and testing the models on the test dataset allows one to ascertain whether or not the
models are performing as expected. Researchers also find success in diabetes prediction by
using ensemble algorithms, which sort the dataset using majority-voting-based bagging,
boosting, and stacking approaches [14], [15], [16]. By casting ballots and selecting the model
with the most votes, the best model results are integrated by majority voting [17], [18]. Despite
researchers' best efforts, the outcomes for diabetes prediction remain inadequate [19], [20]. As
a result, we need to propose new approaches to accurate and efficient forecasting.
In order to determine whether a person has diabetes, we must first go through the data we have
collected. As a fundamental portion of the adult population accounts for 9.3% of the global
total, driving this evaluation is crucial. Themes and data plans related to diabetes should help
us better anticipate if individuals have the disease [21]. This is a problem with directed Al's
characterization [11]. In order to better categorize illnesses, researchers are constructing
ensembles of classifiers, which consist of many individual systems [22], [23]. These systems
include classification judgements at numerous levels, in contrast to traditional approaches that
rely on a single classifier. To maximize their individual strengths, ensembles of classifiers with
varying variances and biases are used. One objective of the research is to forecast the
likelihood of diabetes in a patient based on exact estimations recorded in the dataset and an
overview of different portions of it. Numerous researches have focused on diabetes mellitus
[24], [13]. Excessively high blood glucose levels are associated with a host of complications
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for diabetics, including blurred vision, shock, and even obviousness, according to the research.
Significant difficulties or challenges related to a person's success might arise from an uneven
distribution of blood sugar levels. In order to reap the advantages of any assumption or
collecting system, it is essential to establish it. Machine learning (ML) is a powerful instrument
for evaluating one-of-a-kind polluted setups, mandate data extraction from different wagers,
build patient-genuinely stable organisations, and identify such potential clinical restrictions
and their relationships. Afterwards, ML algorithms that are compatible with different dataset
planning constraints are proposed for diabetes prediction. The proposed framework was built
using the PIMA Indian diabetes dataset; it contains nine unique attributes; and even after pre-
processing, there are 768 records or events. Several ML course of action calculations are
proposed to verify the precision or correctness of the blood glucose assumption. For the
purpose of evaluating the performance of ML algorithms, the logistic regression (LR) accuracy
of 92.26% is used, which is more than all other existing organised estimates. Further,
alternative convincing classifiers, such as artificial NN, show a significant increase in
accuracy, which would typically enhance the decision support framework's precision [25].
Detectable diabetes at an early stage is a key concern in the clinical benefits field. Data pre-
processing was facilitated by the WEKA mechanical assembly. This was followed by the
component decline approach eliminating three characteristics. We utilised the PIMA dataset
with a single outcome and five data characteristics: age, glucose, body mass index (BMI),
insulin, pregnancy, and pregnancy status. A number of metrics were used to analyse the
presentation, and seven alternative Al estimations—DT, KNN, RF, Naive Bayes (NB), AB,
LR, and SVM—were used to predict diabetes. In terms of certain constraints, such as survey,
F-measure, precision, and exactness, every model shows remarkable performance. The
models' accuracy was higher than 70%. Applying the LR and SVM with train/test splits and
K-cross validations yielded a 77% to 78% accuracy rate, respectively [26]. The authors sought
to use three Al estimations—the key backslide, the support vector classifier, and the KNN—
on the PIMA Indians Diabetes dataset in an effort to anticipate and study diabetes. Dataset
analysis has shown that glucose, insulin, and body mass index (BMI) are the parameters with
the most potential for improvement in association coefficient. A diabetes diagnosis is therefore
more heavily influenced by these traits than by others. The findings show that SVM would
differ the most from other estimations in terms of the correctness of the assumptions used,
coming in at 85.06% [27]. One common clinical issue is determining the early warning signs
of diabetes. In order to speculate on the risk related to type 2 diabetes mellitus, the researchers
in [28] set out to build a framework. The outcomes of the six Al representation methods were
differentiated and measured using many credible measures. The dataset, which was
constructed using online and detached overviews, consisted of 18 diabetes-related enquiries,
and tests were conducted on this. The exploratory findings show that out of all the models, RF
has the best accuracy at 94.10%. To current paper propose a new ensemble machine learning
method in this work.

2. Methodology

Whether diabetes is present or not can be predicted using the ensemble classifier En-RfRsK.
Figure 1 shows the block diagram of the En-RfRsK method that has been suggested. Diabetes
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data analysis, diabetes data modelling, model selection, and ensemble-based voting
categorization are the following elements that make up this technique.

Diabetes Data Diabetes Data _ )
Analysis Modelling Model Sefection

En-RiRsk
Random Radial K Nearest
Forest SVM Neighbor

L Voting Classifier J

Diabetes/Non-Diabetes

Fig. 1 Proposed machine learning techniques

2.1. Analyzing diabetes data

This study's perceptual evaluation was based on the PIMA Indian Diabetes dataset. Prior to
being used as a foundation for initial evaluations of different request estimates, the dataset
under consideration is cleansed using data pre-processing and data cleaning techniques.
Important patient information is used to classify and predict the overall diabetes prevalence.
The dataset for diabetes mellitus includes 768 records. It includes patient information such as
the number of pregnancies, plasma glucose levels measured in an oral glucose strength test
every 2 hours, diastolic blood pressure in millimetres of mercury, triceps skinfold thickness in
millimetres, 2-hour serum insulin in micro-L/ml, body mass index (weight in kg/(level in m)2),
age in years, and a class variable that can be either 0 or 1. During the data pre-processing and
cleaning step, any values that are missing or otherwise abnormal are deleted from the dataset.
Following pre-processing, the initial information is condensed to 722 entries that include the
three crucial patient attributes. Out of the 722 patient peculiarities in the dataset, 474 are
classified as non-diabetic, 248 as diabetes, and 46 as missing essential core features. The data
credits consist of six numerical variables drawn from the dataset, and one component is utilized
to determine the result quality.

2.2. Diabetes information modelling

Machine learning algorithms are an evolution of traditional algorithms. System intelligence is
enhanced by the use of algorithms, which enable systems to autonomously learn from input
data. Due to their learning and classification capabilities, these algorithms are being used to
address a broad variety of problems in almost every industry. The two main types of these
algorithms are supervised and unsupervised. The section that follows has described a few
useful machine learning algorithms for diabetes mellitus prediction.

2.3. Regression using logistical models
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The purpose of a logistic regression analysis is to use a set of independent variables to
determine the likelihood of an event occurring. The dependent variable may take on values
between zero and one since the result is a probability. The Ib, which divides the success
probability by the failure probability, is used to convert probabilities in logistic regression.

2.4. Recurrent neural network

Neural networks are supervised learning machine learning techniques. Because of its
exceptional accuracy and ability to handle massive volumes of data, it is mostly used for
classification purposes. The current study applied linear regression, decision tree, SVM and
KNN networks for the model prediction. The performance of the models is evaluated and
considered throughout the ensemble building process based on an accuracy measure. The
ensemble model is fine-tuned by trial and error to determine the selection threshold. The
ensemble voting method of categorization makes use of the chosen models. Machine learning
models that are conceptually similar or distinct may be combined for prediction using majority
vote by employing this classifier, which acts as a meta classifier. The proposed model is a
hybrid of the RF and SVM classifiers with the KNN network. One use of the predict
probability attribute column in soft voting classifiers is to offer the likelihood of each target
variable.

3. Results and discussion

The tests were run on a Windows 10 machine with an Intel(R) Core (TM) i7-6700 CPU and
16 GB of random-access memory. Python was used to implement the suggested method. To
evaluate the efficacy of the suggested En-RfRsK ensemble method, experiments were carried
out utilizing the PIMA Indian Diabetes dataset.

Table 1. Sampling of data for diabetes patients

Pregnanc | Glucos Blood Thicknes | Insuli | BM D'abet'?. Ag | Outcom
pressur - probabilit
y e e sofskin | n I y e e
7 147 70 34 0 32.6 | 0.618 51 |1
2 84 64 28 0 24.3 1 0.349 31 |0
8 183 67 0 0 22.5 1 0.689 32 |1
1 88 62 22 89 28.4 | 0.193 22 |1
0 132 39 31 137 39.2 | 1.928 34 |0

To make the diabetes prediction system more effective, pre-processing is a must. The range of
[0,1] has been used for the normalization. Data distribution for diabetes is shown in figure 2.
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Fig. 2 Distribution of data under study

Finding important or potentially influencing factors, as well as establishing links between
them, are both made easier using this distribution. A single variable's frequency of unique
values is shown in each graphic. The figure suggests that insulin feature levels are lower than
other diabetes characteristics. A visual representation of the values associated with each
diabetes characteristic is provided by the distribution of those traits. The overall response
patterns of a group may be shown in box plots. We have two outliers that are over the
maximum, and the fact that the box plot for the pregnancy feature is skewed towards the
bottom indicates that the majority of the values are closer to the lowest range. The graph shows
how the characteristics are related to one another. Features have a high degree of correlation
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when the values are near to one. There is little to no correlation between the traits if the values
are around zero. The strong correlation between the characteristics is shown by the dark colors.
Three sets of data were extracted from the diabetes dataset: one for testing, one for validation,
and one for training. After experimenting with several splitting ratios to test the system's
resilience, we found that the above-mentioned ratio produced the best results. A number of
measures are used to assess the accuracy, precision, recall, false positive rate, accuracy, and
error rate of the diabetes prognostication system.

100 7 XY Accuracy
89 an o1
82
80 -
= 60+
=
Q
A
3
S 40
<
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V=
LR SVM KNN RF En-RfRsK
ML Technique

Fig. 3 Accuracy of machine learning algorithms
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Fig. 4 Errors encountered in different machine learning algorithms

The accuracy and error rate metrics, as shown in Figure 3, and Figure 4, respectively, illustrate
the performance of the suggested method. When compared to other machine learning methods,
the suggested strategy clearly provides better results in terms of accuracy and lower error rates.
When compared to other diabetes prediction systems and base classifiers, the suggested
method clearly performs better in terms of accuracy, error rate, and performance metrics. This
is especially true when considering the proposed En-RfRsK.

Table 2 Accuracy and error percentages of different machine learning classifiers

ML Accuracy | Error
Technique | (%) (%)
Linear _ 82 16
regression

SVM 89 12
KNN 88 15
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Random
Forest 83 19
En-RfRsK | 91 9

4. Conclusion

Diabetes mellitus is a common condition among adults today. Hence, it is essential to provide
early prognostication for this condition. The primary goal of this study is to develop a method
that can accurately predict who will get diabetes. The veracity of previously used machine
learning methods was investigated. Given this, we provide an updated approach called En-
RfRsK. It combines three machine learning algorithms; linear regression, SVM, K-nearest
neighbor, and decision tree. For this experiment, we will be using the PIMA Indians diabetes
dataset. It was noted that diabetes poses a significant danger during pregnancy and requires
proper treatment to ensure a healthy pregnancy. Keeping your body mass index (BMI) in a
healthy range keeps diabetic complications to a minimum. An increasing number of
individuals are being affected by diabetes as they age, starting around age 35. Outperforming
both baseline classifiers and cutting-edge diabetes prediction systems, the ensemble method
has produced findings with an accuracy of 88.89%. There is more room for performance
improvement in terms of accuracy, and the ensemble classifier lacks interpretation, which are
downsides of the suggested technique. Additional data sets with diverse features and risk
variables for diabetes mellitus prediction may be explored in future studies. Finding a happy
medium between accuracy, complexity, and interpretability is essential for diabetes prediction
models. It is also possible to tweak the suggested method to investigate other approaches to
outlier removal and missing value imputation, as well as to investigate alternative feature
selection strategies for selecting useful characteristics and removing irrelevant ones. In
addition, deep learning models have the potential to improve this method's accuracy down the
road.
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