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Abstract
This study aimed to investigate the association between regional body fat distribution and the prevalence
of Diabetes mellitus (DM) in adult populations using machine learning. We applied machine learning
methods to data from a cohort study to analyze the relationship between fat in different body areas and
diabetes. All measurement was done by "Tanita Segmental Body Composition Analyzer BC-418 MA
Tanita Corp, Japan". The correlation between the used parameters and DM was measured using some
machine learning algorithms i.e. SVM, SGD, KNN, MLP, Adaboost and EDINet. A total of 4661 participants
were included. The top features that reported higher importance in classi�cation models were age, fat
mass, and percentages in legs, arms, and trunk area. Fat-free mass in the legs, arm, and trunk area was
reversely associated with diabetes. Our proposed method signi�cantly outperformed the others. It has the
best performances in Accuracy, Precision, Recall-0, Recall-1, and F1-score, which were 93.57, 93.67, 96.11,
74.55 and 93.62, respectively. Our machine learning models showed that regional body fat could have
speci�c impacts on diabetes based on the location of the fat accumulation. The most predictor values of
diabetes were age, fat mass, and percentages in arms, legs, and trunk area. Further studies on different
ages, gender, ethnic groups, and races are recommended.

1 Introduction
Diabetes is one of the critical global public health concerns. As people's life expectancies improve, type 2
diabetes mellitus (DM) has augmented globally in developed and developing nations (1). Furthermore,
diabetes has developed into a major health care concern, resulting in increased mortality and morbidity, a
huge worldwide impact on public health, and high social and �nancial expenses (2).

Glucose and lipid metabolism are inextricably linked. When lipid metabolism is harmed, glucose
metabolism is also affected (3). Obesity is a known risk factor associated with type 2 DM. However, these
studies measured obesity using the body mass index (BMI). BMI, waist circumference, waist-to-height,
waist-to-hip, and waist-to-thigh ratios are obesity meters. The BMI measures overall body mass, while the
waist circumference and waist-to-height ratio measure abdominal obesity. Likewise, it is recognized that
central rather than lower body fat distribution for a given BMI leads to a greater risk of metabolic
problems of obesity (4). New studies show that having even a little extra fat in the wrong places in the
body can also increase the disease's probability (5). A meta-analysis including data from 10 longitudinal
studies showed a strong connotation between abdominal obesity and the progress of type 2 DM (6).

Though adipose tissue placed in different body parts may in�uence glucose tolerance, only a few
researchers have studied the association between distinct regional body fat and the incidence of diabetes
mellitus. According to several studies, having a bigger hip and thigh circumference is related to a
decreased risk of developing diabetes, most likely due to muscle mass's preventive bene�ts in these
regions (7, 8). One study showed that fat in the neck area correlates with insulin sensitivity in the whole
body (9). Moreover, different ethnic groups have varying fat distributions, which have varying effects on
the development of diabetes (10).
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Existing literature about the correlation between body fat and DM uses conventional attributes like
demographic features (e.g., age, gender, race) or anthropometrics(e.g., waist circumference, and so on).
Arti�cial intelligence has become an essential tool in biomedical research and has been engaged to
predict DM in a few studies (11).

To our knowledge, there are no previous studies on the regional fat distribution or its contributions to the
Iranian population using arti�cial intelligence and machine learning method. The principal purpose of the
present study was to determine whether the prevalence of DM is in�uenced by site-speci�c adipose tissue
accumulation in relatively healthy adult populations in Fasa, south of Iran.

2 Method
In this section recruitment of participants, body composition analysis, dataset, evaluation metrics and the
proposed method will be described in ditails. The abbreviations used in this research are listed in Table 1.

Table 1
Abbreviations used in this study.

Terms Abbreviation

Support Vector Machine SVM

Stochastic Gradient Descent SGD

K-Nearest Neighbors KNN

Multilayer Perceptron MLP

Adaptive Boosting Adaboost

Ensemble Diabetes Network EDINet

 

2.1 Recruitment of participants
The Fasa cohort study was intended to assess the relationship between fat in different body areas and
Diabetes in Fasa's rural region residents, a city in the eastern portion of the Fars province in southwest
Iran, with a population of around 250,000 (12). The rural health care worker (Behvarz), who works as the
representative of the primary health care system in each health home in villages and small towns,
encourages the public to participate in the survey (13). All individuals were chosen from a group of
quali�ed volunteers to participate in this study. The dataset used in this study is a subset of the Fasa
cohort, containing 4661 models' records. Participants who reported having diabetes (571 diabetic
models) were separated from those who did not (4090 nondiabetics models). The participants' self-
declaration did this.
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Furthermore, the dataset covers data on 2155 males and 2506 females. Individuals were aged between
35 and 70 years. They were nominated as the cohort's target group because they are of appropriate age
to have been exposed to health themes.

2.2 The �eld o�ce

A �eld o�ce was established in the region's principal town. All necessary equipment is given in the �eld,
including computers, body Composition Analyzer device, etc.

2.3 Personnel resources

Every day, a �eld staff member works at the �eld o�ce. A �eld supervisor, two physicians, interviewers,
nurses, and an o�ce boy complete the team. The �eld supervisor is responsible for supervising ongoing
interviews and ensuring that data collecting regulations are adhered to.

2.4 Registration

Each individual's national ID code is used in the registration procedure. The �eld supervisor registers
participants by scanning their identi�cation cards and assigns each one a unique number Personal
Computer Id (PCID), which will be visible on all forms from that point on. During registration, one of the
evaluators assists the �eld supervisor. Throughout the cohort study's several stages, the PCID number
may be accessed using a search engine. Simultaneously, a cohort ID card with a digital bar code, picture,
and the cohort's name will be issued. A separate notebook is also used to conduct a registry. The person
must be registered. Behvarz's list of invited participants was compared to the previously compiled list. In
each case, before registering, an written informed consent form is completed. All surveys are electronic
and are administered over a secure web portal—a web-based application. We exploited the electrical edge.
Variable types are indicated; data input is halted unless the registrar performs a recheck and the
submission is accepted.

2.5 Body composition analysis

Body composition analysis was performed on all participants. Members stand on the device and hold its
handles without shoes and by light clothes.

The name of the device was "Tanita Segmental Body Composition Analyzer BC-418 MA Tanita Corp,
Japan". This device is one of the �rst Segmental Body Composition analyzers that afford measurement
for the trunk and each member thanks to 8 electrodes.

The device measures: Weight, Basal Metabolic Rate (BMR), Fat Percentage:  × 100 (FATP), Fat

Mass (FATM), Fat-Free Mass (FFM), Total body water (TBW), Desirable body fat ranges, and Segmental
body fat information.

Segmental reading separates into:

F atMass

W eight
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1. Fat percentage (FATP): Right Leg Fat Percentage (RLFATP), Left Leg Fat Percentage (LLFATP), Right
Arm Fat Percentage (RAFATP), Left Arm Fat Percentage (LAFATP), Trunk Fat Percentage (TRFATP).

2. Fat mass (FATM): Right Leg Fat Mass (RLFATM), Left Leg Fat Mass (LLFATM), Right Arm Fat Mass
(RAFATM), Left Arm Fat Mass (LAFATM), and Trunk Fat Mass (TRFATM).

3. Fat-free mass: Right Leg Fat-Free Mass (RLFFM), Left Leg Fat-Free Mass (LLFFM), Right Arm Fat-
Free Mass (RAFFM), Left Arm Fat-Free Mass (LAFFM), Trunk Fat-Free Mass (TRFFM)

4. Predicted muscle mass for the right arm, right leg, left arm, left leg.

The device has a Goal Setter (GS) function, which analyses the fat mass to be lost to attain a particular
target. GS focuses attention on actual fat mass rather than weight.

2.6 Control of quality

The value of surveillance systems cannot be overstated. At the �rst enrollment stage, the quality control
team has a checklist that has been empirically tested to address some data collecting quality indicators.
The team supervisor is a non-a�liated epidemiologist. They take into account the three dimensions of
data and anthropometric measurements. If any �aws are discovered, they will be corrected and
considered for the subsequent cleanup process. The quality control manager, who is also one of the
principal investigators, entered to the database and classi�ed content. If data cleaning was required,
another team member regained the codi�ed data and performed the clear out. The FACS program is
intended to conduct routine checkups. Likewise, automatic outliers were a problem in data �elds.

The investigators have established, and the software alerts the operators to validate their morals.

They are incoming before the completion of the last registration. Incomplete data is in terms of varied
kinds, lengths, and scales of amount are as well recognized, and ultimate agreement is contingent upon
the different stages in the PI validation process.

2.7 Dataset

The Fasa cohort included 4661 participants (571 diabetics and 4090 healthy samples), including 2155
Males and 2506 Females and 22 input features age (Between 35 and 70), gender ID (1: male, 2: female),
Basal Metabolic Rate (BMR), Fat Mass (FATM), Fat Percentage (FATP) which is (Fat Mass)/Weight × 100,
Fat-Free Mass (FFM), Total Body Water (TBW), Right Leg Fat Percentage (RLFATP), Right Leg Fat Mass
(RLFATM), Right Leg Fat-Free Mass (RLFFM), Left Leg Fat Percentage (LLFATP), Left Leg Fat Mass
(LLFATM), Left Leg Fat-Free Mass (LLFFM), Right Arm Fat Percentage (RAFATP), Right Arm Fat Mass
(RAFATM), Right Arm Fat-Free Mass (RAFFM), Left Arm Fat Percentage (LAFATP), Left Arm Fat Mass
(LAFATM), Left Arm Fat-Free Mass (LAFFM), Trunk Fat Percentage (TRFATP), Trunk Fat Mass (TRFATM),
and Trunk Fat-Free Mass (TRFFM).

Institutional approval was granted for the use of the patient datasets in research studies for diagnostic
and therapeutic purposes. Approval was granted on the grounds of existing datasets. Informed consent
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was obtained from all of the patients in this study. All methods were carried out in accordance with
relevant guidelines and regulations. All experimental protocols were approved by Research Ethical
Committees of School of Medicine-Shiraz University of Medical Science.

2.8 Evaluation metrics

By following previous studies in the literature (14–17), the performance of the machine learning
algorithms was estimated by accuracy, precision, recall, and F1-score, according to the following
equations:

Accuracy =

Weighted Average Precision =

Recall =

F1-score =

Weighted Average F1-score =

Where TP is the number of test results that are correctly classi�ed as positive. TN is the number of test
results that are correctly classi�ed as negative. FP is the number of test results that are incorrectly
classi�ed as positive and FN is the number of test results that are incorrectly classi�ed as negative.

2.9 Proposed Model

In this section, we present the overall view of the proposed methodology. At �rst, split the dataset into
Training (80%) and Testing (20%) datasets. Since our dataset was imbalanced, we proposed
oversampling technique on the Training part, using SVMSMOTE. Afterward, we implemented the base
classi�ers: (linear) SVM, Decision tree, Stochastic Gradient Descent, Logistic regression, Gaussian naïve
Bayes, K-Nearest Neighbors (k = 3 and k = 4), and Multi-Layer Perceptron neural network, to train machine
learning models.

Finally, to improve the performances of our models, we propose some ensemble learning algorithms:
Gradient boosting, Adaboost, Stacking (for top3 and top4), and Voting (for top3 and top4). A framework
of the proposed models for diagnosis of diabetes is shown in Fig. 1.

3 Experimental Results
In this section, we discuss the main �ndings obtained after applying several well-known machine learning
algorithms. In this regard, we �rst discuss the obtained results after applying individual classi�ers. After

TP+TN
TP+TN+FP+FN

∑n−1
i=0 |numberofelementsinclassi|

T Pi

T Pi+FPi

∑
n−1
i=0 |numberofelementsinclassi|

TP
TP+FN

=2Precision×Recall
Precision+Recall

TP

TP+ (FP+FN)1

2

∑
n−1
i=0 |numberofelementsinclassi|F 1−scorei

∑
n−1
i=0 |numberofelementsinclassi|
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that, the optimized results will be presented by applying different ensemble learning techniques.

3.1 Individual Classi�ers

We proposed some of the most states of the art machine learning models on the dataset, including SVM
(with the linear kernel), decision tree, stochastic Gradient descent, logistic regression, Gaussian naïve
Bayes, KNN (for K = 3 and K = 4) and neural network (MLP). The goal feature of the dataset, i.e., Has-
Diabetes, has two values: 0 and 1. The value 1 means the sample is diabetic, whereas the value 0 means
the sample is non-diabetic.

The results of applying classi�cation algorithms to our dataset are shown in Table 2. Accordingly, KNN
for K = 4 has the best accuracy of 88.64%, while Gaussian naïve Bayes has the worst with the accuracy of
56.81%. Other performance parameters, Precision, Recall, and F1-score, are shown in Table 2.

Table 2
The performance of different classi�cation algorithms proposed on the dataset.

Classi�cation algorithm Accuracy
(%)

Weighted average
Precision (%)

Recall-
0(%)

Recall-
1(%)

Weighted
average

F1-score (%)

SVM (linear) 74.71 84.26 77.76 51.82 78.32

Decision tree 80.28 85.38 84.20 50.91 82.33

Stochastic gradient
descent (SGD)

75.03 84.33 78.13 51.82 78.55

Logistic regression 73.10 84.09 75.82 52.73 77.17

Gaussian naïve Bayes 56.81 82.40 56.38 60.00 64.41

KNN (K = 3) 85.96 91.08 86.51 81.82 87.60

KNN (K = 4) 88.64 90.95 90.64 73.64 89.49

Neural network (MLP) 80.17 85.36 84.08 50.91 82.26

 

3.2 Ensemble of Classi�ers
To improve the performance of the proposed classi�cation algorithms, in this sub-section, we discuss the
main results after applying several ensemble learning methods, including gradient boosting, Adaboost,
Stacking ensemble, and voting ensemble. The results of applying these ensemble-learning models to our
dataset are shown in Table 3.
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Table 3
The performance of different classi�cation algorithms after applying several ensemble learning

techniques on the dataset.
Classi�cation
algorithm

Accuracy
(%)

Weighted average
Precision (%)

Recall-
0(%)

Recall-
1(%)

Weighted
average

F1-score (%)

Gradient boosting 83.92 84.91 89.91 39.09 84.39

Adaboost 79.53 84.56 83.96 46.36 81.60

EDINet (Stacking-
Top3)

93.57 93.67 96.11 74.55 93.62

EDINet (Stacking-
Top4)

92.50 93.10 94.65 76.36 92.74

EDINet (Voting-
Top3)

87.14 90.51 88.82 74.55 88.33

EDINet (Voting-
Top4)

88.53 89.04 92.83 56.36 88.77

 
According to the previous studies (18, 19) and based on the obtained results in Table 3, we can see that
applying the stacking ensemble learning method could improve the performance of individual classi�ers.
The results in Table 3 show that EDINet (Stacking-Top3) signi�cantly outperformed the other applied
methods. Moreover, we can see that EDINet (Stacking-Top3) and EDINet (Stacking-Top4) have the best
performances in Accuracy, Precision, Recall-0, Recall-1, F1-score.

3.3 Confusion matricx and Correlations

Information extracted from confusion matrix of the proposed algorithms and the correlations between
features and being diabetic are shown in Table 4 and Fig. 2, respectively.
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Table 4
Information extracted from confusion matrix of

proposed algorithms

  TP TN FP FN

SVM 57 640 183 53

Decision tree 56 693 130 54

SGD 643 57 180 53

Logistic regression 624 58 199 52

Gaussian naïve Bayes 464 66 359 44

KNN (K = 3) 712 90 111 20

KNN (K = 4) 746 81 77 29

Neural network (MLP) 692 56 131 54

Gradient boosting 740 43 83 67

Adaboost 691 51 132 59

EDINet (Stacking-Top3) 791 82 32 28

EDINet (Stacking-Top4) 779 84 44 26

EDINet (Voting-Top3) 731 82 92 28

EDINet (Voting-Top3) 764 62 59 48

4 Discussion
To our knowwledge, this is the �rst study to use site-speci�c adipose tissue accumulation to predict DM
in a cohort population using machine learning. DM inevitably produces considerable quantities of clinical
data which can be complex and di�cult to utilise in routine practice (11). Arti�cial intelligence offers
enormous potential in medicine and prediction of diabetes at an early stage.

Remarkably, fat mass and fat percentage were related factors of being diabetic in our analysis. The fat-
free group was inversely associated with diabetes in our results. In line with the study of Pramyothin et
al., higher fat-free mass is associated with type 2 diabetes (20). Also, Lagacé JC et al. indicated that the
prevalence of Metabolic syndrome decreased with increasing quartiles of whole-body FFM percentage. It
was also indicated that metabolic syndrome prevalence increases with fat-free mass (21). Fat mass and
fat percentage in arms, legs, and trunk are among the most signi�cant features correlated with diabetes.
The severity of obesity, and speci�c fat distribution is a risk factor for diabetes (22, 23). Prior articles have
shown that the prevalence of diabetes increases with a higher waist-to-hip girth ratio and abdominal
adiposity (24, 25). In conclusion, fat mass and percentage are related to diabetes, and fat-free mass is
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inversely associated with diabetes. Our study is consistent with previous studies that speci�c fat
distribution patterns are powerful predictors of diabetes.

4.1 Trunk fat mass and diabetes

Importantly, TRFATM and TRFATP are among the signi�cant features related to diabetes in our study. In
line with the study of Yoshimi et al. that percentage of trunk fat was positively associated with the onset
of DM, we identify TRFATP and TRFATM as strong features to predict DM (26). Also, our �ndings are in
good agreement with Horejsi et al. that indicated subcutaneous body fat in the upper trunk increases with
type 2 diabetes especially (27). It is noteworthy to mention that TRFFM is reversely related to diabetes. In
addition, in the study of Wang et al., a higher fat-to-muscle ratio in the trunk was associated with a higher
risk of developing type 2 diabetes (28). In conclusion, TRFATM and TRFATP should be considered as
probable factors to predict diabetes, and TRFFM is reversely related to diabetes.

4.2 Leg fat mass and diabetes

We have found that fat mass and fat percentages in both lower extremities are features related to
diabetes. Our results contrast with Choi et al., which have found that having a larger calf fat mass was
connected with a decreased risk of developing Diabetes in Korean people (29). Snijder et al. have
concluded that leg fat mass can have some protective effects against a disturbed glucose metabolism
(30). In the study of Heshka et al., there was an association between less total leg fat and type 2 diabetes
(8). Also, Yoshimi et al. indicated that the percentage of leg fat was negatively associated with the
development of diabetes (26). A popular explanation for this difference is that fat distribution varies in
different ethnic groups and may in�uence the onset of DM (10).

4.3 Arm fat mass and diabetes

We have found a strong association between fat mass and fat percentages in upper extremities and
diabetes. It is interesting to indicate that RAFFM and LAFFM are not related to diabetes. Zhu et al.
reported that a mid-upper arm circumference is valuable for insulin resistance in type 2 diabetes (31). In a
study by Hou et al., mid-upper arm circumference signi�cantly interacted with diabetes and insulin
resistance (32). Also in the study of Zhu et al., mid-upper arm circumference was associated with insulin
resistance, and it can be used as a simple tool for central obesity in type 2 diabetes patients (31). To sum
up, higher fat mass in upper extremities is related to diabetes, and fat-free mass in both upper extremities
can decrease the chance of being diabetic.

4.4 Age and diabetes

In our study, age was reported as one of the most decisive factors predicting DM. Age is a signi�cant
basis of diabetes since blood glucose concentrations rise with age (33). The results of our study were in
line with the results of the previous studies about the correlation of age and type 2 DM. Identifying the
patients at earlier ages will provide more signi�cant opportunities for interventions to reduce the risk of
complication-associated morbidity and mortality for patients developing type 2 DM (34). The incidence of
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diagnosed diabetes continues to growth with age in non-Hispanic whites, non-Hispanic blacks, and
Mexican American men and women, as revealed in the Third National Health and Nutrition Examination
Survey, 1988–1994 (NHANES III) and these result are lined with our study (35). Thus, age can be
considered one of the most signi�cant features to predict diabetes.

4.5 Gender and Diabetes

We found that female gender is associated with DM. Gender in�uences the pathogenesis of many
diseases, including metabolic disorders such as DM. Type II diabetes is equally frequent in men and
women in most populations, with certain nations demonstrating a male predominance in early middle life
(36). In the study of Kautzky-Willer et al., it was indicated that men had a greater risk of having diabetes
at a younger age and a lower body mass index (BMI) compared to women. Still, women had a dramatic
increase in the risk of diabetes-associated cardiovascular diseases after menopause (36). In a study by
Sattar et al., it was concluded that adult men are at more signi�cant risks of having diabetes than women
because of having higher waist circumferences and more insulin resistance in men (37). This contrast
may be because our data was gathered in a rural area where women had less physical activity than men.

4.6 BMR and Diabetes

Our �ndings demonstrate that BMR is not a signi�cant predictor of DM. Although this �nding is in
contrast with the study of Kumar et al. that low BMR was considered a risk factor for the development of
DM (38). In a study by Kumar et al., it is indicated that BMR was considered a risk factor that is increased
in people who have type 2 diabetes (38). Signi�cantly, BMR depends on multiple factors such as sex,
ethnicity, age, physical activity, genetic factors, the presence of diabetes or obesity, body composition,
and caloric intake (39). This difference may be because of that BMR is affected by such a variable
factors that was not considered in our study.

4.7 TBW and Diabetes

As far as we know, it is for the �rst time that the association of TBW and Diabetes has been analyzed
with machine learning. The most striking result from the data is that there is no association between
Diabetes and TBW. Although in a study by Nayak et al., lower extracellular water was a predictor for pre-
diabetic patients (40). Further studies about TBW and Diabetes are recommended.

4.8 Limitations and strengths

This research is not without limits. The �rst restriction is that anti-diabetic and anti-hypertensive
medications may alter insulin resistance, affecting our �ndings. Including patients' entire medication
histories in our investigation would be reasonable. However, since this is cross-sectional research rather
than a randomized controlled trial, we could not intervene to discontinue anti-diabetic or other drugs as
clinical studies need. Another limitation is that we did not measure the associations between ethnic
groups with visceral body fat; we could not generalize our results to other ethnic groups. Finally, we
couldn't count the visceral body fat composition and the DM complications. The strength of the present
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study was using the machine learning method as the new method for determining strong predictors of
DM. Another strength is the use of an acceptable sample of cohort patients.

5 Conclusion
The present study's �nding points us to a novel research area of measuring visceral fats as a biomarker
to diagnosing DM. Although high levels of BMI and total body fat are risk factors for diabetes type 2,
Regional body fat can have speci�c impacts on diabetes based on the location of the fat accumulation.
The most related values of being diabetic were age, fat mass, and percentage in both upper and lower
extremities and trunk area. Further studies on different ages, gender, ethnic groups, and races are
recommended.
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Figure 1

A framework of the proposed models for diagnosis of diabetes.
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Figure 2

The correlations between features and being diabetic.


