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Abstract
Background: The	 aim	 of	 this	 study	was	 to	 evaluate	 the	 anthropometric	 measure-
ments	most	associated	with	type	2	diabetes	mellitus	(T2DM)	using	machine	learning	
approaches.
Methods: A	 prospective	 study	 was	 designed	 for	 a	 total	 population	 of	 9354	 (43%	
men	and	57%	women)	aged	35–	65.	Anthropometric	measurements	 include	weight,	
height,	 demispan,	 Hip	 Circumference	 (HC),	 Mid-	arm	 Circumference	 (MAC),	 Waist	
Circumference	 (WC),	 Body	 Roundness	 Index	 (BRI),	 Body	 Adiposity	 Index	 (BAI),	 A	
Body	Shape	Index	(ABSI),	Body	Mass	Index	(BMI),	Waist-	to-	height	Ratio	(WHtR),	and	
Waist-	to-	hip	Ratio	 (WHR)	were	completed	 for	all	participants.	The	association	was	
assessed	using	logistic	regression	(LR)	and	decision	tree	(DT)	analysis.	Receiver	oper-
ating	characteristic	(ROC)	curve	was	performed	to	evaluate	the	DT's	accuracy,	sensi-
tivity,	and	specificity	using	R	software.
Results: Traditionally,	1461	women	and	875	men	with	T2DM	(T2DM	group).	According	
to	the	LR,	in	males,	WC	and	BIA	(p-	value < 0.001)	and	in	females,	demispan	and	WC	
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1  |  INTRODUC TION

Type	2	diabetes	mellitus	(T2DM)	is	a	chronic	disease	that	is	diag-
nosed	by	an	abnormal	blood	glucose	level	due	to	insulin	deficiency	
or insulin resistance.1	 However,	 recent	 studies	 suggest	 that	 the	
accumulation	of	ectopic	lipids	may	play	an	important	role	in	devel-
oping	T2DM.2	The	International	Diabetes	Federation	reports	that	
the	global	prevalence	of	diabetes	in	adults	in	2021	was	536.6	mil-
lion	 people,	 and	 it	 is	 estimated	 that	 it	 will	 rise	 to	 783.2	million	
in	 2045.3	 In	 Iran,	 a	 14.3%	prevalence	 of	 T2DM	was	 reported	 in	
2019,4	 this	has	emerged	as	a	great	concern,	not	only	because	of	
the	numbers	but	also	because	of	microvascular	or	macrovascular	
complications	caused	by	T2DM.5	It	should	be	emphasized	that	one	
out	of	nine	deaths	occur	due	 to	diabetes.6	Despite	all	efforts	 to	
treat	T2DM	and	its	complications,7,8 prevention strategies are still 
the	best	way	 to	 control	 the	disease.	There	 is	 a	 growing	body	of	
literature suggesting that preventing obesity in the population can 
decrease	the	risk	of	diabetes.9 Recent evidence suggests that pa-
tients	with	metabolic	syndrome	more	frequently	develop	T2DM,	
which	 is	 principally	 linked	 to	 abdominal	 or	 visceral	 obesity	 and	
metabolic abnormalities.2	 Considering	 both	 the	 prevalence	 and	
the	crucial	complications	associated	with	T2DM,	it	is	very	import-
ant	to	identify	people	who	are	at	great	risk	for	T2DM.	While	one-	
third	 of	 patients	with	 diabetes	 have	 been	 undiagnosed	 and	 this	
event	 is	 increasing,10	 anthropometric	 measurement	 techniques	
are	one	of	 the	simplest	and	non-	invasive	methods	of	 identifying	
people	at	risk	of	diabetes.11

Waist-	to-	height	 ratio	 (WHtR),	 Body	 Adiposity	 Index	 (BAI),	
A	 Body	 Shape	 Index	 (ABSI),	 Body	 Mass	 Index	 (BMI),	 and	 Waist	
Circumference	 (WC)	 are	 predictors	 contributing	 to	 diabetes.12,13 
One	 study	 reported	 that	WC	 and	 BMI	 are	 the	 best	 predictors,12 
but	another	study	suggested	WC	and	WHtR	are	better	than	BMI.14 
Furthermore,	a	study	indicated	that	WHtR	is	the	strongest	predic-
tor,13	but	there	are	few	studies	evaluating	all	of	them.	And	also,	there	
were	few	studies	about	the	relation	of	other	anthropometric	mea-
surements	 such	 as	 demispan	 and	 Mid-	Arm	 Circumference	 (MAC)	
with	T2DM.15 Despite the many studies that have been done on this 
subject,	few	of	them	have	compared	the	values	of	these	anthropo-
metric	 indices	and	their	 relationship	with	the	prevalence	of	diabe-
tes.	Also,	traditional	anthropometric	methods	do	not	detect	visceral	
and	subcutaneous	fat.	As	these	factors	have	different	roles	in	pre-
dicting	diabetes	and	few	studies	have	investigated	the	sex-	specific	

difference	 in	 the	 impact	of	anthropometric	changes	on	 the	 risk	of	
diabetes	in	general	populations,	we	need	to	find	a	strong	way	to	use	
them	for	many	groups	of	people.1,14

According	to	the	increasing	prevalence	of	diabetes	and	the	lack	
of	 reliable	measurements	 for	 diagnosing	 the	disease,	 and	 also	 the	
controversy	of	previous	 study	 results,	we	decided	 to	design	a	 co-
hort	 study	 to	 examine	more	 and	 new	 anthropometrical	measure-
ments	for	evaluating	their	association	with	diabetes.	We	also	used	
machine	learning	approaches	which	are	new	and	effective	methods	
for	arranging	a	 large	number	of	predictors	while	producing	strong	
predictive	models	to	identify	subjects	at	risk	of	developing	diseases.

2  |  METHOD

2.1  |  Study population

All	 participants	 were	 included	 from	 the	 baseline	 of	 the	Mashhad	
stroke	 and	 heart	 atherosclerotic	 disorder	 (MASHAD)	 study,	 a	 10-	
year	 cohort	 from	 northeastern	 Iran.16	 The	 prevalence	 of	 diabetes	
was	estimated	 to	be	3%	 in	 the	Mashhad	population	based	on	 the	
data	 from	 the	Ministry	 of	 Health.	 Subjects	 were	 registered	 from	
three	districts	of	Mashhad.	Each	district	was	divided	into	nine	areas	
centered	at	Mashhad	Healthcare	Center	divisions.	The	baseline	in-
vestigation	was	started	in	2010	obtaining	a	response	of	79%	after	
stratified	 cluster	 random	 sampling.	 After	 recognizing	 eligible	 sub-
jects,	we	arranged	a	meeting	for	the	physical	examination.	The	in-
clusion	criteria	were	males	and	females	between	the	age	of	35	and	
65 years.	Also,	those	who	were	not	between	the	ages	of	35	and	65	
and	did	not	consent	to	participate	in	the	study	were	excluded	from	
the present analysis.

Accordingly,	 9704	 individuals	 aged	35–	65 years	were	 enrolled.	
After	 cleaning	 the	 data,	 we	 had	 9354	 individual	 datasets	 (see	
Figure 1).	All	participants	completed	written	consent	forms,	and	the	
study	protocol	was	approved	by	the	Ethical	Committee	of	Mashhad	
University	of	Medical	Sciences.

2.2  |  Baseline examination

Subjects	 were	 asked	 for	 taking	 blood	 samples	 between	 8	 and	
10	 a.m.	 by	 venipuncture	 of	 an	 antecubital	 vein	 after	 14 h	 of	

(p-	value < 0.001)	had	the	highest	correlation	with	T2DM	development	risk.	The	DT	
indicated	that	WC	has	the	most	crucial	effect	on	T2DM	development	risk,	followed	
by	HC,	and	BAI.
Conclusions: Our	 results	 showed	 that	 in	both	men	and	women,	WC	was	 the	most	
important	anthropometric	factor	to	predict	T2DM.

K E Y W O R D S
anthropometric,	data	mining,	decision	tree,	diabetes
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overnight	 fasting.	 According	 to	 a	 standard	 protocol,	 the	 speci-
mens	were	collected	in	vacuum	tubes	(20 ml)	 in	a	sitting	position	
from	 participants.	 All	 blood	 samples	 were	 centrifuged	 at	 25	 ◦C 
within	 30–	45 min	 of	 collection	 to	 divide	 the	 serum	 from	plasma	
into	six	aliquots	(0.5	ml).	Then	they	were	transported	to	the	Bu	Ali	
Research	Institute,	Mashhad.	Also,	for	future	analysis,	aliquots	of	
serum	were	kept	frozen	at	−80	◦C.	T2DM	was	determined	as	fast-
ing	 blood	 glucose	 (FBG) ≥ 126 mg/dl	 or	 being	 treated	with	 avail-
able	 oral	 hypoglycemic	 medications	 or	 insulin.	 Anthropometric	
measurements	 such	 as	 weight,	 height,	 demispan,	 HC	 (Hip	
Circumference),	 MAC	 (Mid-	arm	 Circumference),	 WC	 (Waist	
Circumference),	BRI	(Body	Roundness	Index),	BAI	(Body	Adiposity	
Index),	ABSI	(A	Body	Shape	Index),	BMI	(Body	Mass	Index),	WHtR	
(waist-	to-	height	Ratio),	and	WHR	(Waist-	to-	hip	Ratio)	were	meas-
ured	by	a	registered	nurse.	The	subjects	were	asked	to	wear	light	
clothes	and	no	shoes	during	measurements	of	height	and	weight.	
Height	and	weight	were	measured	with	a	fixed	stadiometer	cali-
brated in centimeters to the closest 0.1 cm and electronic scales 
to	the	nearest	0.1	kg,	respectively.	Demispan	was	defined	as	the	
distance	between	 the	mid-	sternal	 notch	 and	 the	 space	between	
the	 middle	 and	 ring	 fingers	 in	 a	 stretched	 arm.	 HC	 was	 calcu-
lated	 at	 the	 biggest	 circumference	 between	 the	 crotch	 and	 the	
iliac	 crest.	WC	 was	 measured	 at	 the	 middle	 point	 between	 the	
iliac crest and the last rib. Subjects assessed in a standing posi-
tion	 and	were	 asked	 to	 exhale	 during	measurements	 of	HC	 and	
WC	 by	 using	 a	 flexible	 and	 inelastic	 calibrated	 tape	 measure.	
According	 to	 International	Diabetes	Federation,	WC > 94 cm	and	
>80 cm	were	considered	high	as	central	obesity	for	males	and	fe-
males,	respectively.	MAC	was	described	as	the	distance	between	
the	point	of	 the	elbow	and	 the	bony	protrusion	on	 the	shoulder	
while	the	subject's	elbow	was	bent	90	degrees.	BRI,	BAI,	and	ABSI	
were	calculated	using	the	formulas	in	Table 1	in	Appendix	S1.	BMI	
was	 defined	 as	 the	 weight	 (kg)	 divided	 by	 the	 square	 of	 height	
(m).	Based	on	 the	World	Health	Organization	 recommendations,	
a	BMI ≥ 25–	29.99	was	defined	as	overweight	and	a	BMI ≥30 kg/m2 
was considered obese.17	WHR	was	 calculated	as	WC	divided	by	
HC.	As	reported	by	the	World	Health	Organization	recommenda-
tions,	truncal	obesity	was	defined	as	a	WHR > 0.95 in males and a 

WHR > 0.8	 in	females.18	WHtR	was	measured	by	dividing	WC	(m)	
based	on	height	(m).19

2.3  |  Statistical analysis

To	describe	the	quantitative	and	qualitative	variables,	mean ± SD	and	
frequency	(%)	were	reported,	respectively.	Chi-	square	and	Fisher's	
exact	tests	were	applied	to	measure	the	association	between	quali-
tative	 variables.	Also,	 the	mean	of	 quantitative	 variables	between	
the two groups were compared by independent t-	test.	 All	 of	 the	
analyses	were	done	separately	for	males	and	females.	Multiple	 lo-
gistic regression is applied to investigate the relation between an-
thropometric	measurements	and	T2DM.	Also,	at	first	univariate	LR	
was	fitted	to	the	data	and	then	variables	with	p-	value < 0.05	were	
entered	 in	 multiple	 LR	 model.	 Also,	 their	 odds	 ratios	 (OR)	 were	
calculated.	The	version	of	the	SPSS	program	was	22	(SPSS	Inc.).	p-	
Value < 0.05	was	regarded	as	significant.

2.4  |  Decision tree model

We	put	 the	data	 into	machine	 learning,	and	 the	decision	 tree	was	
drawn	to	form	a	predictive	model	of	anthropometric	measurements.	
A	 decision	 tree	 is	 a	 non-	parametric	method	 named	 regarding	 the	
nature	of	the	target	variable.	The	aim	of	a	decision	tree	 is	to	form	
a	predictive	model	in	terms	of	predictor	variables.	In	order	to	form	
the	tree,	decision	tree	algorithms	make	splitting	criteria	at	 internal	
nodes.20,21	The	split	of	a	node	tries	to	minimize	the	impurity	of	the	
node.	The	node	is	not	split	and	is	characterized	as	a	leaf	node	if	a	split	
is not able to achieve any enhancements with regard to reducing im-
purity.	If	a	split	manages	to	decrease	impurity,	then	the	split	having	
the	maximum	reduction	in	impurity	is	chosen	and	two	branches	are	
formed,	making	two	new	nodes.	The	most	popular	splitting	criteria	
are	the	Gini	index:

Gini(D) = 1 −

m
∑

i=1

P
2

i

F I G U R E  1 Flow	chart	of	this	study
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CART	is	a	decision	tree	algorithm	that	builds	a	binary	tree	using	the	
Gini	index	for	choosing	the	splitting	variable	at	each	internal	node.	The	
tree	 starts	with	 all	 observations	 forming	 the	 root	node	and	 succes-
sive	splits	specify	the	order	of	significance	of	the	predictor	variables.	
Receiver	operating	characteristic	(ROC)	curves	were	used	to	evaluate	
the	accuracy,	precision,	and	specificity	of	the	decision	tree	algorithm	
using	R	software	version	4.0.5.	And	then	the	confusion	matrix	of	the	
decision trees was evaluated.

3  |  RESULT

3.1  |  Characteristics of the study population

The	study	population	consisted	of	57%	females	and	43%	male	 in-
dividuals (N =	9354	in	total).	The	study	population	sample	included	
1461	women	individuals	with	T2DM	(T2DM	group)	and	3938	sam-
ples	without	T2DM.	In	men,	3080	subjects	did	not	have	T2DM,	and	
875	subjects	had	T2DM	throughout	the	study.	The	clinical	charac-
teristics	of	 the	participants	at	 the	baseline	have	been	summarized	
in Table 1.

Two	data	mining	techniques	were	used	to	 investigate	the	rela-
tionship between anthropometric predictors and binary response 
variables	(diabetic	and	non-	diabetic).	So,	the	main	objective	of	this	
study	was	to	anticipate	diabetes	using	the	LR	and	DT	models	and	to	
determine	their	associated	factors,	especially	anthropometric	mark-
ers.	For	this	purpose,	the	dataset	was	randomly	split	into	two	parts:	
training	data	and	test	data	(20%–	80%).	The	training	dataset	was	uti-
lized	 to	develop	 the	LR	and	DT	models,	which	was	 then	validated	
using	test	data	(20%)	that	had	not	been	used	during	training.

3.2  |  The association between anthropometric 
measurements and T2MD using logistic regression 
(LR) model

According	to	the	data	mining	analysis	results	(Table 2 LogWorth and 
p-	Value	columns),	BMI,	WC,	HC,	and	BAI	had	a	significant	associa-
tion	with	T2DM	in	males	and	demispan,	HC,	WC,	BMI,	and	BAI	had	
a	 significant	 association	with	T2DM	 in	 females	 (p-	value < 0.05).	 In	
males,	WC	and	BAI	had	the	greatest	correlation	with	the	develop-
ment	of	T2DM	among	the	analyzed	anthropometric	factors.	Also,	in	

TA B L E  1 Baseline	characteristics	of	male	and	female

Male

Variables Diabetes+ (875) Diabetes− (3080) p- Value

BMI	(kg/m2) 27.52	± 4.25 26.90 ± 4.26 <0.001

WC	(cm) 97.49 ± 11.35 95.10	± 10.87 <0.001

HC	(cm) 102.34 ± 9.03 101.46 ± 8.69 0.009

WHR 0.95	± 0.07 0.93 ± 0.06 <0.001

MAC	(cm) 30.54	± 3.51 29.81 ± 4.11 <0.001

BAI 29.66 ± 4.22 28.68 ± 4.65 <0.001

WHtR 0.58	± 0.06 0.56	± 0.06 <0.001

ABSI 0.083 ± 0.004 0.082 ± 0.005 <0.001

BRI 5.19	± 1.40 4.78 ± 1.45 <0.001

Demispan	(cm) 79.73 ± 4.64 80.76 ± 5.06 <0.001

Female

Variables Diabetes + (1461) Diabetes− (3938) p- Value

BMI	(kg/m2) 29.66 ± 4.50 29.19 ± 4.85 0.001

WC	(cm) 101.49 ± 11.58 96.97 ± 11.99 <0.001

HC	(cm) 105.03	± 9.19 105.93	± 9.60 0.002

WHR 0.96 ± 0.07 0.91 ± 0.08 <0.001

MAC	(cm) 30.99 ± 3.62 30.59	± 3.59 <0.001

BAI 36.90 ± 5.49 36.95	± 5.65 0.021

WHtR 0.65	± 0.07 0.62 ± 0.08 <0.001

ABSI 0.08 ± 0.007 0.08 ± 0.008 <0.001

BRI 6.92 ± 1.89 6.15	± 1.90 <0.001

Demispan	(cm) 74.33 ± 7.10 73.92 ± 4.23 <0.001

Abbreviations:	ABSI,	A	Body	Shape	Index;	BMI,	Body	Mass	Index;	BAI,	Body	Adiposity	Index;	BRI,	Body	Roundness	Index;	HC,	Hip	Circumference;	
WC,	Waist	Circumference;	WHR,	Waist-	to-	hip	Ratio;	WHtR,	Waist-	to-	height	Ratio.
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females,	demispan	and	WC	had	the	highest	correlation	with	T2DM	
development	among	the	analyzed	anthropometric	factors.

Table 2	(OR	column)	shows	the	unit	odds	ratios	based	on	the	sig-
nificant	factors.	In	males,	WC	and	BAI	were	significantly	associated	
with	 T2DM.	Among	 these	 factors,	 BAI	 has	 been	 identified	 as	 the	
most	remarkable	risk	factor	for	T2DM	(OR:	1.078,	 (95%	CI:	1.044,	
1.113)).	In	females,	demispan,	WC,	and	BAI	were	significantly	asso-
ciated	with	 T2DM.	Among	 these	 factors,	WC	has	 been	 identified	
as	the	most	remarkable	risk	factor	for	T2DM	(OR:	1.085,	 (95%	CI:	
(1.074,	1.095))).

3.3  |  The association between anthropometric 
measurements and T2DM using decision tree 
(DT) model

The	results	of	 the	DT	training	for	anthropometric	 factors	 in	males	
is shown in Figure 2.	The	DT	algorithm	evaluated	the	various	T2DM	
risk	factors	and	categorized	them	into	three	layers.	In	the	DT	model,	
the	 first	 variable	 (root)	 is	 of	 the	highest	 importance,	with	 the	 fol-
lowing	 variables	 in	 the	 next	 levels	 of	 significance,	 accordingly.	 As	
shown in Figure 2,	WC	has	the	most	crucial	effect	on	T2DM	devel-
opment	risk,	followed	by	BAI,	and	HC.	In	the	subgroup	with	WC ≥ 94,	
HC < 95.5,	and	WC ≥ 97,	93%	of	participants	were	diabetic	(highest	
risk	of	T2DM).	Meanwhile,	among	those	with	WC < 94,	BAI < 30.46,	
and	HC ≥ 96.7,	95%	of	subjects	were	identified	as	non-	diabetic	(low-
est	risk	of	T2DM).	Detailed	rules	for	T2DM	created	by	the	DT	model	
are demonstrated in Table 3.

The	results	of	the	DT	training	for	anthropometric	factors	in	fe-
males are demonstrated in Figure 3.	The	DT	algorithm	evaluated	the	
various	T2DM	risk	factors	and	categorized	them	into	four	layers.	In	
the	DT	model,	the	first	variable	(root)	is	of	the	highest	importance,	
with	the	following	variables	in	the	next	levels	of	significance,	accord-
ingly.	As	shown	in	Figure 3,	WC	has	the	most	crucial	effect	on	T2DM	
development	risk,	followed	by	HC,	demispan,	BAI,	and	BMI.	In	the	
subgroup	with	WC ≥ 106,	HC < 109.5,	and	Demispan ≥ 81.2,	98%	of	
participants	were	diabetic	(highest	risk	of	T2DM).	Meanwhile,	among	
those	 with	 WC < 106,	 HC ≥ 102,	 BAI < 39.69,	 and	 WC < 102,	 95%	
of	 subjects	were	 identified	as	non-	diabetic	 (lowest	 risk	of	T2DM).	
Detailed	rules	for	T2DM	created	by	the	DT	model	are	demonstrated	
in Table 3.

In	order	to	evaluate	the	performance	of	the	model	and	compar-
isons,	we	 gave	 the	 receiver	 operating	 characteristics	 (ROC)	 curve	
and	 the	 confusion	 matrix	 of	 the	 algorithm	 for	 both	 training	 and	
testing data (Figure 4 and Table 4,	respectively).	Table 4 shows how 

TA B L E  2 Parameter	estimates	of	the	LR	model	for	T2DM	by	
anthropometric	factors	in	male	and	female

Male

Terms p- Value LogWorth OR (CI 95%)

BMI	(kg/m2) 0.0156 1.806 0.951	(0.912,	0.991)

HC	(cm) <0.0001 4.508 0.958	(0.939,	0.977)

WC	(cm) <0.0001 6585 1.042	(1.025,	1.059)

BAI <0.0001 5.564 1.078	(1.044,	1.113)

Female

Terms p- Value LogWorth OR (95% CI)

Demispan	(cm) <0.0001 9.281 1.053	(1.036,	1.069)

WC	(cm) <0.0001 68.330 1.085	(1.074,	1.095)

HC	(cm) <0.0001 45.266 0.887	(0.872,	0.902)

BMI	(kg/m2) 0.0256 1.591 1.035	(1.004,	1.066)

BAI 0.0001 3.728 1.051	(1.024,	1.078)

Abbreviations:	BAI,	Body	Adiposity	Index;	BMI,	Body	Mass	Index;	HC,	
Hip	Circumference;	WC,	Waist	Circumference.

F I G U R E  2 Decision	tree	for	type	2	
diabetes mellitus event in male
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remarkable	 the	model	 performs,	 since	 all	measures	 in	 both	 tables	
(test	 vs.	 training)	 are	 almost	 identical	 which	 is	 also	 confirmed	 by	
Figure 4.

4  |  DISCUSSION

Obesity	 is	 a	 condition	 of	 increasing	 prevalence	 across	 the	 world,	
with	important	social	and	economical	implications,	being	recognized	
as a public health concern.22	Evidence	shows	that	obesity	is	a	major	
risk	factor	for	T2DM,	for	instance	nearly	85%	of	the	US	population	
with	T2DM	are	either	overweight	or	obese.23	Anthropometric	meas-
urements	are	useful	and	cheap	 indicators	 to	determine	the	risk	of	
T2DM.	Our	comprehensive	study	has	attempted	to	define	the	best	
anthropometric	parameters	for	the	prediction	of	T2DM	in	the	north-
eastern Iranian population.

According	 to	 our	 study,	 the	 Incidence	 Rate	 (IR)	 of	 T2DM	was	
higher	in	females	(IR	=	27%)	than	in	males	(IR	=	22%).	It	may	be	due	
to	the	fact	that	women	in	Iran	generally	participate	in	less	physical	
activities	and	most	of	the	time	they	are	at	home.	Both	in	males	and	
females,	the	most	associated	factors	with	T2DM	were	BMI,	HC,	BAI,	
and	WC.	Moreover,	 in	men	BAI	and	WC	and	 in	women	demispan,	

WC,	BMI,	and	BAI	increased	the	risk	of	T2DM.	Among	these	factors,	
WC	in	both	males	and	females	was	the	most	remarkable	factors.	On	
the	other	hand,	there	was	not	a	strong	relationship	between	HC	and	
BMI	in	males	and	HC	in	females	with	increasing	T2DM.	Furthermore,	
by	using	machine	 learning	algorithms,	we	concluded	 that	 the	best	
factors	to	categorize	data	are	BAI,	HC	and	WC	in	males	and	females,	
respectively.

Obesity	 is	 a	 major	 risk	 factor	 for	 T2DM.	 But	 studies	 suggest	
that	BMI	 is	more	of	a	precipitating	factor	 than	a	trigger	 factor	 for	
the	development	of	T2DM.24	The	literature	suggests	that	BMI	is	a	
good	predictor	in	screening	for	T2DM.12	In	contrast,	the	results	of	
some	studies	showed	that	predicted	fat	mass	and	Visceral	Adiposity	
Index	(VAI)	are	more	significantly	associated	with	the	risk	of	T2DM	
than	BMI.25,26	In	our	study,	BMI	is	a	remarkable	risk	factor	for	T2DM	
in	 females.	Surprisingly,	BMI	was	 found	to	be	 inversely	associated	
with	T2DM	in	men.	This	observation	may	be	explained	by	the	fact	
that	men	have	more	insulin	resistant	than	women	because	of	their	
more	visceral	and	liver	adipose	tissue,	as	well	as	the	absence	of	es-
trogen	protective	effect.27,28	Another	explanation	could	be	that	BMI	
overestimates	body	fat	mass	in	men;	because	women	have	a	greater	
amount	of	total	body	fat.29	Also,	it	has	been	found	that	middle-	aged	
men	usually	have	higher	triglyceride	and	fasting	blood	glucose	levels	

TA B L E  3 Detailed	rules	based	on	DT	model	for	male	and	female

Male

Num Rules Diabetic (%) Non- diabetic (%)

1 WC < 94	&	BAI < 30.46	&	HC > =96.7 4.92 95.08

2 WC < 94	&	BAI < 30.46	&	HC < 96.7 19.17 80.83

3 WC < 94	&	BAI > =30.46	&	HC > =102.1 04.42 95.58

4 WC < 94	&	BAI > =30.46	&	HC < 102.1 56.29 43.71

5 WC > =94	&	HC > =95.5	&	BAI < 30.38 13.83 86.17

6 WC > =94	&	HC > =95.5	&	BAI > =30.38 33.06 66.94

7 WC > =94	&	HC < 95.5	&	WC < 97 6.86 93.14

8 WC > =94	&	HC < 95.5	&	WC > =97 92.71 7.29

Female

Num Rules Diabetic (%) Non- diabetic (%)

1 WC < 106	&	HC > =102	&	BAI < 39.69	&	WC < 102 5.51 94.49

2 WC < 106	&	HC > =102	&	BAI < 39.69	&	WC > =102 29.87 70.13

3 WC < 106	&	HC > =102	&	BAI > =39.69 20.48 79.52

4 WC < 106	&	HC < 102	&	BMI < 22.18 4.64 95.36

5 WC < 106	&	HC < 102	&	BMI > =22.18	&	Demispan<89.5 33.41 66.59

6 WC < 106	&	HC < 102	&	BMI > =22.18	&	Demispan> =	89.5 93.36 6.64

7 WC > =106	&	HC > =109.5	&	BMI < 30.88 5.56 94.44

8 WC > =106	&	HC > =109.5	&	BMI > =30.88	&	BMI > =31.78 27.23 72.77

9 WC > =106	&	HC > =109.5	&	BMI > =30.88	&	BMI < 31.78 80.27 19.73

10 WC > =106	&	HC < 109.5	&	Demispan<81.2	&	
Demispan> =	73.5

19.94 80.06

11 WC > =106	&	HC < 109.5	&	Demispan<81.2	&	Demispan<73.5 67.26 32.74

12 WC > =106	&	HC < 109.5	&	Demispan> = 81.2 98.59 1.41
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and	lower	HDL	cholesterol	levels	than	women	of	the	same	age	even	
after	adjusting	for	BMI.30,31	Although	more	studies	should	be	done	
to	understand	the	precise	mechanisms,	there	may	be	other	factors	
such	as	different	lifestyles	or	other	hormonal	differences	between	
men and women.28	 According	 to	 a	meta-	analysis	 study,	 there	 is	 a	
strong	inverse	association	between	HC	and	T2DM	in	both	men	and	
women.32	The	possible	explanation	for	these	results	regarding	BMI	
and	HC	in	our	study	is	explained	by	the	fact	that	the	distribution	of	
adipose	tissue	is	a	more	important	predicting	factor	than	the	abso-
lute	amount	of	 fat	 in	 the	body.	Some	studies	stated	that	high	WC	
can	increase	the	risk	of	T2DM.14,33	We	agree	in	terms	of	WC	is	a	risk	
factor	for	diabetes.	To	the	best	of	our	knowledge,	this	was	the	first	
study	 to	 evaluate	 the	 relationship	 between	 demispan	 and	 T2DM.	
This	 study	 confirms	 that	 demispan	 is	 associated	 with	 diabetes	 in	
women,	increasing	the	risk.	In	accordance	with	the	present	results,	
previous	studies	have	demonstrated	that	higher	BAI	 increases	 the	
risk	of	T2DM.34–	36

4.1  |  Strengths and limitations

Cohort	studies	may	better	identify	factors	that	are	causally	related	
to a particular disease. Our study suggests a causal relationship 
between	anthropometric	measurements	and	T2DM.	Furthermore,	
its	 large	 population-	based	 sample	 of	 northeastern	 Iran	 was	 an-
other	 strength.	 In	 this	 study,	 we	 used	 new	 analyzing	 methods	
including machine learning algorithms such as decision tree to 

arrange	T2DM	predictors.	 For	 interpreting	 our	 results	 there	 are	
the	following	limitations:	Nearly	half	of	all	individuals	with	T2DM	
were	older	adults	 (aged ≥ 65 years)	but	we	only	 included	subjects	
aged	between	35	 and	65,	 so	we	might	have	 lost	many	potential	
cases	of	T2DM	that	could	affect	our	data	analysis.37	Another	one	
is	that	we	only	used	the	FBG	test	to	diagnose	T2DM,	so	we	might	
have	made	either	overdiagnosis	or	under	diagnosis	of	T2DM.	We	
recommend	for	further	works	using	more	confirmatory	tests	such	
as	HbA1c	and	2	h-	Glucose	Tolerance.	We	only	evaluated	the	re-
lation	 between	 anthropometric	 measurements	 with	 T2DM	 but	
other	 factors	 such	 as	 epigenetics,	 family	 history	 of	 T2DM,	 lipid	
profile,	 inflammatory	 markers,	 and	 other	 confounding	 factors	
that	can	interact	with	anthropometric	profile	were	not	examined.	
Future	 studies	on	 the	 current	 topic	 are	 therefore	 recommended	
to	 examine	 the	 relationship	 between	 these	 factors	 and	 anthro-
pometric	measurements	with	T2DM	at	the	same	time.	The	other	
limitation	was	the	imbalanced	data	that	we	faced	in	this	study.	In	
this	case,	some	evaluation	metrics	such	as	sensitivity	are	affected.	
For	future	works	suggest	analyzing	the	balanced	data.

5  |  CONCLUSION

Our	 results	 showed	 that	 in	 both	 men	 and	 women	WC	 was	 the	
strongest	predictors	of	T2DM.	Also,	both	in	men	and	women	BAI,	
and	WC	were	the	most	associated	factors	with	T2DM.	DT	analy-
sis	identified	BAI,	HC,	and	WC	as	the	best	variables	to	categorize	

F I G U R E  3 Decision	tree	for	type	2	diabetes	mellitus	event	in	female
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F I G U R E  4 ROC	curve	of	DT	model	for	male	and	female

Training Testing

Female

Diabetes Area
Diabetic 0.7546
Non-Diabetic 0.7546

Diabetes Area
Diabetic 0.7341
Non-Diabetic 0.7341

Training Testing

Male

Diabetes Area
Diabetic 0.7288
Non-Diabetic 0.7288

Diabetes Area
Diabetic 0.7401
Non-Diabetic 0.7401
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data	 in	men	and	women.	Therefore,	 it	was	 recommended	to	use	
these	anthropometric	factors	for	predicting	the	risk	and	screening	
of	T2DM.
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