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Abstract

Type-2 diabetes mellitus (T2DM) is a significant problem considering that it is anticipated to reach over
693 million people by 2045. T2DM is the serious situation of insulin resistance, recognition, and
guantification of insulin resistance calls for a specific blood examination which is made complex,
lengthy, and most notably intrusive, making it not possible for regular day-to-day tasks of a human.
With the advancement of current Artificial Intelligence approaches, the identification of insulin
resistance might be executed without clinical procedures. In this job, insulin resistance is determined
based on Machine Learning methods utilizing non-invasive strategies. Nineteen parameters are used for
recognition of insulin resistance; such as age, sex, waist size, height, and so on as well as a mix of these
specifications. Experiments are performed on the CALERIE dataset to determine the factors that impact
insulin resistance. Each result of the function option technique is modelled with the help of a Random
Forest Classifier. The suggested technique is validated by making use of a Stratified cross-validation
test. Outcomes reveal that utilizing Logistic regression, Naive Bayes, LDA, and also Random forests
Classifier for recognition of insulin resistance, precision as much as 0.843 with AUC scores of 0.84
using Naive Bayes classifier. [32] The major benefit of the suggested approach is that a person may
forecast the insulin resistance and hence future probabilities of diabetic issues may be checked daily
utilizing non-clinical methods. While the same is not virtually possible with clinical procedures.

Keywords Machine learning, Feature selection, Insulin resistance, Random Forests, CALERIE study.

Abbreviations CALERIE: Comprehensive Assessment of Long-Term Effects of Reducing Intake of
Energy; LDA: Linear Discriminant analysis, AUC: Area Under the Curve.

Acknowledgment

4861



PJAEE, 18 (04) (2021)

Financial support from the University of Petroleum & Energy Studies (UPES), Dehradun, India for
conducting this work is gratefully acknowledged.

1. Introduction

Insulin resistance disturbs the rate of sugar disposal in the body which
increases insulin manufacturing resulting in hyperinsulinemia. The variety of
patients suffering from T2DM has climbed dramatically across the whole globe
to 8.5% of the world populace in 2014 as well as 2016 diabetes mellitus has
been the source of 1.6 million fatalities, sustaining substantial human, social
and economic losses. The prevalence of diabetes occurrence in 2019 is
currently 9.3% worldwide which is supposed to get to 10.2% by 2030 and
10.9% by 2045 [1-2] Insulin resistance is risen levels of insulin in the blood
causing weight gain because of weak insulin receptors. This cycle of fat
reduction boosts before the insulin receptors start replying to the amount of
blood glucose and insulin in the blood. Nonetheless, when it is not so then the
rise in blood glucose degrees leads to hyperglycaemia [3] Having a recurring
inequality in between insulin demand (boost in blood glucose degrees) and also
insulin manufacturing, glycaemic degrees expand to levels constant with
T2DM. Though there are great deals of different life risk elements associated
with insulin resistance yet it is tough to examination by oneself daily without
medical oversight [4-7]

Recent advancements expose Homa-IR (Homeostatic Design Assessment of)
degree as an outstanding criterion to count on due to the life expectancy of this
component from the bloodstream. Yet this examination needs a clinical
technique. Consequently, the developments in the fields of machine learning
(ML) as well as artificial intelligence (Al) where researchers intend to prevent
such professional obstacles and also protect versus the pain associated with the
removal of blood from the body with needles.

This work, it is explored what specifications might influence the incidence of
insulin resistance. Just how much impact do these consist of on each
specification and what calculations will fulfill the suitable accuracy and also
make the approach significant to real-time? Insulin resistance has been
determined for people making use of non-invasive techniques using machine
learning procedures. Tests have been conducted on the CALERIE dataset.
Recognition of the suggested method has been done with a Stratified cross-
validation examination. With the recommended approach an individual can
anticipate the insulin resistance, as well as hence potential possibilities of
diabetic issues, which could be tracked daily utilizing non-clinical techniques.
While the same is not virtually possible with medical procedures daily.

The remainder of the paper is arranged as follows; section 2 offers a brief
literary works evaluation of the functions done by earlier researchers in the
field of insulin resistance recognition with the help of machine learning
approaches. Area 3 offers the approach covering dataset, function choice &
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recognition. Outcomes are presented in section 4 with a brief conversation.
Lastly, Section 5 concludes the work.

Literature Review

During this last one-decade, numerous forecast models utilizing ML
algorithms have been proposed for insulin resistance as well as for this reason
T2DM. These machine discovering strategies are mainly of 2 types;
classification and regression formulas. Some of the most common algorithms
are Assistance Vector Equipment (SVM), Linear Regression, Choice Trees,
Artificial Neural Networks (ANN), and so on. [8-21, 44] Deep Discovering
(DL) has additionally been used maintaining into factor to consider the
increased dimension and intricacy of the data [22-26] Various consolidated
techniques of both ML as well as DL have additionally been recommended
[27-31]

Kandhasamy et al. [8] utilized numerous classifiers like KNN, SVM, and so
on over the PIMA Indian dataset. 5-fold cross-validation (Curriculum Vitae) is
applied to the dataset for validation objectives. It is shown that with KNN and
Random Forest accuracy price of one hundred percent has been accomplished
after pre-processing of data while an accuracy rate of 74% with J48 classifier
without pre-processing. Tafa et al. [9] used an improved model of Naive Bayes
and also SVM classifiers where both Ignorant Bayes and also SVM are
incorporated for diabetes mellitus prediction. Eight attributes have been
absorbed in the data with 402 individuals out of which 80 had T2DM.

Comparison of the recommended technique has been finished with the Naive
Bayes providing an accuracy of 94.52% and also SVM with an accuracy of
95.52% and it is revealed that the suggested incorporated method offers a
precision of 97.6%. Mercaldo et al. [10] utilized six classifiers; JRIP,
BayesNet, RandomForest, J48, Hoeffding Tree, and also Multilayer
Perceptron. PIMA Indian dataset is used. 10-fold CV is applied in the dataset.
Four qualities age, diabetes mellitus pedigree function, BMI, and plasma sugar
concentration have been chosen. It is revealed that the highest possible
performance has been accomplished with the Hoeffding Tree formula with
accuracy worths of 0.757, F-measure of 0.759, and also recalls equal to 0.762.

Michele Bernardini et al. [12] have proposed an ML technique, TyG-er. Italian
Federation of General Practitioners dataset is used. Non-conventional
scientific factors like leukocytes, uricemia, and so on were spotted. Clients
with typical to high-risk conditions were consisted of while T2DM individuals
were excluded from this research study. A comparable research study was
additionally performed in [32-36] using analytical evaluation. Konrad et al.
[37] have suggested a machine learning-based strategy for estimating insulin
resistance in kids with type 1 diabetes. The study was executed on 315 people
aged between 7.6 to 19.7 years. Byoung et al. [38] have proposed T2DM
prediction versions utilizing artificial intelligence methods with an EMR
dataset. A total of 8454 patients who completed 5 years of follow-up without
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any history of diabetes and into treatment with a cardiovascular center were
taken into consideration for the study. It is revealed that amongst various
anticipating versions like LR, LDA, KNN, etc., the straight regression design
revealed the most effective forecast performance with an AUC of 0.78.

In the majority of researches, a single information set has been made use of but
few studies also took two datasets for predicting like in [11] 2 datasets Diabetes
mellitus 130-US as well as Pima Indians dataset have been used as a
consolidated dataset. 10-fold CV is applied to the data collection and also it is
revealed that by utilizing a combined dataset, a better forecast of diabetes
mellitus can be made with an AUC of 0.72.

Most insulin resistance identification methods are based upon intrusive
approaches. Very couple of strategies have concentrated on non-invasive
methods which are straightforward, quick, and also economical. The accuracy
rate, nonetheless, is not appealing. These non-invasive methods need to be
additionally explored for far better precision of insulin resistance and T2DM
forecast [39]

Keeping aside the principle of non-invasively tracking the information, a
device called continual glucose monitors has been offered. Which is a good
device to track the sugar absorption price making use of which insulin
resistance can be quantized into degrees. However, the drawback is it will
certainly be connected to the client's arm for regarding 10-4 days as well as it
interacts all the data to a mobile phone through Bluetooth [45] Purely with a
non-invasive perspective, one more method called retinal microperimetry can
also be made use of which is another growing study area presently [46] There
is an additional non-invasively trackable technique that is recognized at
genomic degrees from DNA testing which is called polygenic testing. Some
researchers have effectively approximated the chance of individuals finding
themselves with diabetes | and Il in the future, as well as these scores, are
polygenic threat scores [47].

Methodology

CALERIE dataset incorporates granular details of various scientific and
anthropometric measurements. A lot of which is not required for the suggested
work. Plenty of tools are made use of to determine just the crucial details which
contain greatly Python & Scikit-learn and also their collections. Data from the
CALERIE dataset is subsequently pre-processed by eliminating each
dimension attained through intrusive approaches and also getting rid of various
measurements that are not called for. After information pre-processing, all
intrusive criteria are filtered and after that after the attribute selection
procedure, lots of less considerable attributes are removed. This becomes a
category issue whether a person has insulin resistance or not. The dataset is
described as shown in the table.1 and graphically they are displayed from
figures 1(a)-1(t) with their distributions. The X-axis of these graphs shown in
the figures mentions their quality.
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After the formula of the ratio is recognized, these values are scaled in a range
of values between 0 and 1, called the scaling process. The feature choice action
can now be acquired as the target aspect is projected. This is refined with all
of the essential attributes and also has to be educated for layout production. By
decreasing the predisposition in the data offered to education, a Stratified K-
fold CV is used. These computations create variation estimates over training
data along with their performance which is examined within the examination
info. Figure 1 shows the block diagram of the recommended approach.

Machine learning is in a way of an analytical method but instead of addressing
a problem with existing strategies based upon the information, machine
learning enables us to give our tedious jobs to computer systems for feature
recognition, attribute significance, mathematical modelling, visualization
optimizing all intricacies in the presence of enormous datasets with statistical
approach. Considering that the current version is a classification issue and also
the initial and a standard design is the logistic regression model for any kind
of binary category issue. To check out and also enhance performance criteria
like precision, precision, recall, f1-score, etc, brand-new machines finding out
formulas came into existence.

3.1 Dataset

CALERIE study is the randomized controlled trial for about 321 participants
both males and females matured between 21 and also half a century with BMI
between 22 as well as 27.9 kg/m2. The hypothesis of this study is discovered
that the elastic modifications of most of the individuals will lead to exactly the
certain same [40] This might be observed by decreasing power intake to 75%
of individuals' standard intake. These elastic reactions included procedures like
evasion as well as aging of age-related conditions such as diabetic issues etc.
Besides the understanding of body temperature level as well as resting
metabolic rate, this research study likewise focused on further lab analyses and
also anthropometric evaluations. Whereas this study has been limited to 107
people with 33 guys and also 74 women over two years. Observing the target
element forecast 37 insulin resistance, favorable cases were recognized as
received Table 1. Inside our work for suggestions, Python language is used,
and also data analysis is carried out with the assistance of the Scikit-Learn
library inside the CALERIE dataset.

Table 1 Feature description.

S.no | Feature Feature Description

1 GENDER Gender

2 age_bl Age

3 fma Fat mass

4 ffma Fat-free mass

5 1 clinwt Clinical weight of the body

6 bmi Body mass index

7 B meanwst | Mean waist circumference size

8 B meanumb | Mean waist circumference size
around umbilical
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9 B pulse Pulse rate
10 B temp Body temperature
11 B resp Respiration rate

12 B meansbp | Mean systolic blood pressure

13 B meandbp | Mean diastolic blood pressure

14 | B meanbp Mean blood pressure

15 B pulseprs | Pulse pressure per second

16 | WhtR Waist to height ratio

17 | AGE/BMI | age_bl/bmi

18 | AGE_WHhtR | Age * WhtR

19 | Output Output variable/serum C-peptide
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3.2 Feature Selection

The feature/attribute selection is just one of the workouts to handle any type of
regression or classification task. The data from the CALERIE analysis is pre-
processed by eliminating the information accomplished via invasively tape-
recorded information like blood sample reports, urology reports, and so on,
called quality removal. In this way, a basic reduction of the database is
achieved. After that, an extra reduction is required for which feature option
methods are made use of. Target variables are created for function selection
[41-42] These worths are scaled to a series of worths in between 0 and 1, 0
being normal as well as 1 being insulin immune. In the present paper blood
serum, c-peptide levels are made use of as the metric for the target variable.
Although there are various other replacements for the proportion of c-peptide
which can additionally be determined like HOMA-IR, the ratio of triglycerides
and HDL-c (high-density lipoprotein cholesterol) degrees from fasting blood
sugar and insulin levels. The attribute option approach is currently finished by
assessing the above-mentioned amounts, that is the target variable. The
information is now all set with the needed attributes and needs to be trained.
Stratified K fold cross-validation is performed for reducing predispositions in
the information given for training. A Similar correlation heatmap is shown in
figure 3 which is drawn according to Pearson’s correlation technique.
Generally, features that are more than 0.70 aligned with another one then they
are supposed to collinear. If observed closely in figure 3 many instances will
directly talk about the correlation among parameters in the heatmap. But
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picking the parameters with a freehand approach could end up getting in
mistakes hence machine learning techniques are approached.
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3.2.3 Univariate Feature Selection

Univariate Feature examination starts with one function accompanied by an
analytical Chi-squared test against the target variable/feature that reveals the
analytical significance of the feature over the target component. After that after
every function is included for the Chi-square test. For assigning importance to
various features of the dataset Select K-best, RFE, RFEcv techniques were
preferred and a random forest classifier was used to examine the performance
of these techniques.

3.2.3.1 Select K-best Within this variation of univariate attribute analysis, a
version is constructed by selecting k-best attributes inside the accuracies of
various variations built over various abilities. figure 5 shows Chi-squared
ratings with choose k-best features.

3.2.3.2 Recursive Feature Elimination (RFE) This method builds a variant
by checking the precision and keep going down one attribute each time.
Particular relevance is obtained from the style of precision by adding and
eliminating the details same feature. This develops a ranking system where the
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lowest area specifies the optimum worth. figure 6 shows the standing according
to RFE qualities.

3.2.3.2 Recursive Feature Elimination with Cross-validation (RFEcv) It is
an in reverse compatible means of doing attribute elimination/selection.
Initially, this technique develops a design by checking the precision and also
keep going down one feature each time. Function relevance is developed by
the deviation of the precision of the model while adding and removing the very
same feature. This develops a ranking system where the most affordable
ranking defines the greatest importance. Figure 7 programs ranking based upon
RFE attributes.

To begin with, a random forests classifier was used to create the model by
splitting the data into train and test as shown in figure 2 the block diagram
explaining the methodology. So far, the CALERIE study’s dataset is described
in the article and the random forest approach is taken since the current problem
is the classification between 0 and 1, therefore random forest generally is
preferred but decision-making problems. The performance of this model
reached an accuracy of 0.855 and the confusion matric for this experiment is
shown in figure 4. This result is for the entire dataset of 19 presumed influential
parameters. Therefore collecting 19 different parameters is a tedious task and
there might be lesser or bad influential parameters in the dataset which could
be downgrading the model. The process of removing such attributes from the
dataset is called feature selection and the techniques that will be used are
discussed in section 3.2.3.

- 80 - 80
10 -70
=] 83 60 - 60
50 50
40 40
30 30
A 20 20
10 10

0 0

0 1

Figure. 5 confusion matrix of random forest classifier(RFC)  figure.6 confusion matrix of RFC
with select K-best

When the experiment is done using the RFE technique as explained in section
3.2.3.2, the technique produced few attributes based on the contribution to the
model. All the features were given to them but to identify the appropriate
amount of features that could achieve better results one has to cross-validate
these features hence RFEcv. As observed from figure 7 a plot is drawn against
the cross-validation scores of the models against all features on the x-axis. This
could explain the next efficient process to identify the appropriate amount of
features to achieve better performance of the model.
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Based on the graph in figure 7 it will be efficient to prefer 6 features over 19
features and to identify these feature importance charts were drawn based on
their feature importance scores. This feature importance score can be seen in
figure 8 where the features are on the x-axis and their respective feature
importance scores on the y-axis. According to figure 8, the feature attributes
are fat mass, mean waist size, mean waist size over an umbilical cord,
age*WhtR, body weight, and age of the body. With these parameters, machine
learning techniques were run expecting better results.
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Figure.7 RFEcv number of features versus cross-validation scores
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Figure.8 Feature importance chart

4. Results and Discussion
[49-50] Based on the literature and other supporting pieces of evidence few
algorithms for machine learning are selected namely Logistic classifier, Naive
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Bayes classifier, Linear Discriminant Analysis, and random forest classifier.
The results for these techniques can be seen in table no. 2. It explains which
machine learning techniques to be used and their performance characteristics
like Accuracy, Recall, precision, and F1-Score. These parameters help identify
the appropriate to proceed for deployment. Based on the table Naive Bayes
classifier (NBC) produced better results and showed a significant improvement
in identifying an individual with insulin resistance. This observed when
compared on Figures 5 and 6 with figure 9 confusion matrix. Where NBC
could successfully identify the true positive far better than previous algorithms.

Table no.2 performance characteristics of the models after feature selection

Model

Accuracy | AUC | Recall | Precision | F1-
score

Logistic Classifier

0.8749 0.6636 | 0.0333 | 0.1000 0.0500

Naive Bayes

0.8437 0.6984 | 0.2333 | 0.3500 0.2700

Analysis

Linear Discriminant | 0.8751 0.6685 | 0.0333 | 0.1000 0.0500

Random Forest Classifier | 0.8530 0.5157 | 0.0333 | 0.0333 0.0333

True Class

Though logistic classifiers and linear Discriminant analysis secured better
accuracy yet they failed to achieve better AUC and other performance
characteristics which makes them less reliable models to trust for deployment.
If drawn a confusion matrix for naive Bayes classifier it outperforms previous
best while performing random forest classifier without feature selection. The
prediction gradient of true positive for naive Bayes classifier grew almost
500% from 1 to 6 yet making some mistakes in decision making. The precision
of 0.55 as shown in figure 10 as well as an extremely promising AUC score of
0.84 in figure 11 makes it the most viable model built for the dataset after
feature selection.

GaussianNB Confusion Matrix

Predicted Class

Figure.9 Confusion matrix of Naive Bayes Classifier after feature selection
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5. Conclusion
The existing strategy is anyway a brand-new research outcome but what
separates it from various other existing strategies is, this needs all the inputs
which can be tracked non-invasively with no state of the art of devices. In this
age of common computing which motivates to recognize brand-new
techniques which can be executed pervasively into day-to-day customer's life.
Though CALERIE offers a great deal of data that is continuous for
computational and also enhancement functions, the majority of non-invasively
trackable criteria are developed into specific means including the classification
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variable. For that reason, the Target variable is categorized, as it can only
inform whether the person has insulin resistance or otherwise, which means it
can be used as an identification tool for tracking insulin resistance from age
groups 21-50.

The proposed approach is created by finding out strategies for feature scaling,
characteristic ~ importance, feature selection which revealed 6
attributes/features of the dataset as one of the most important features with this
proposed implementation. Machine learning techniques like Logistic classifier
(LR), Naive Bayes classifier, LDA, Random Forests Classifier helped in
creating as well as sustaining the trained model also it's precision. With the aid
of these findings, it may be ended that checking early T2DM or tracking insulin
resistance in healthy people with non-invasive methods is not improbable
which is better examined for weight reduction tracking, diet quotation, etc.
Though there is a lot of future scope for polygenic danger ratings for diabetes
but for that procedure to meet successfully one needs to go via hereditary
treatment. For that, the payments from biotechnology have discovered
solutions like CRISPR-Cas9 which can potentially fix future problems [48].
The present work can be used to test and also verify the results of such gene
treatment without puncturing the skin with a needle for blood.
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