Amouzegar et al.
Journal of Translational Medicine (2023) 21:750
https://doi.org/10.1186/512967-023-04639-w

Journal of
Translational Medicine

®

Trajectory patterns of metabolic syndrome s
severity score and risk of type 2 diabetes

Atieh Amouzegar'®, Mohammadjavad Honarvar'®, Safdar Masoumi'®, Davood Khalili*?,

Fereidoun Azizi'® and Ladan Mehran'"

Abstract

95% Cl: 6.05-12.52).
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Background The available evidence indicates that the severity of metabolic syndrome tends to worsen progressively
over time. We assessed the trajectory of age and sex-specific continuous MetS severity score (cMetS-S) and its associa-
tion with the development of diabetes during an 18-year follow-up.

Methods In a prospective population-based Tehran Lipid and Glucose Study, 3931 eligible participants free of diabe-
tes, aged 20-60 years, were followed at three-year intervals. We examined the trajectories of cMetS-S over nine years
using latent growth mixture modeling (LGMM) and subsequent risks of incident diabetes eight years later. The pro-
spective association of identified trajectories with diabetes was examined using the Cox proportional hazard model
adjusting for age, sex, education, and family history of diabetes, physical activity, obesity (BMI> 30 kg/mz), antihyper-
tensive and lipid-lowering medication, and baseline fasting plasma glucose in a stepwise manner.

Results Among 3931 participants, three cMetS-S trajectory groups of low (24.1%), medium (46.8%), and high (29.1%)
were identified during the exposure period. Participants in the medium and high cMetS-S trajectory classes had HRs
of 244 (95% Cl: 1.56-3.81) and 6.81 (95% Cl: 4.07-10.01) for future diabetes in fully adjusted models, respectively.
Normoglycemic individuals within the high cMetS-S class had an over seven-fold increased risk of diabetes (HR: 7.12;

Conclusion Although most adults exhibit an unhealthy metabolic score, its severity usually remains stable through-
out adulthood over ten years of follow-up. The severity score of metabolic syndrome has the potential to be utilized
as a comprehensive and easily measurable indicator of cardiometabolic dysfunction. It can be employed in clini-

cal settings to detect and track individuals at a heightened risk of developing T2DM, even if their glucose levels are
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Introduction

Type 2 diabetes mellitus (T2DM) is one of the major
public health issues affecting more than 450 million
adults worldwide[1]. The International Diabetes Fed-
eration’s most recent report predicts a significant rise
in the prevalence of diabetes, particularly in the Middle
East and North Africa region, expected to reach 19.3%
by 2045, despite ongoing measures to prevent and
manage the disease [2]. The significant morbidity and
mortality linked with T2DM underscores the emerg-
ing necessity for advancing research into the risks
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that predispose individuals to develop this condition.
Metabolic syndrome (MetS), conceptualized based on
a cluster of five cardiometabolic risk factors, has been
strongly linked to five-fold and two-fold elevated risk
of future T2DM and cardiovascular disease (CVD),
respectively [3, 4]. Insulin resistance, neurohormonal
activation, and chronic inflammation are contribu-
tory mechanisms of MetS and its transition to T2DM
and CVD [5]. Accordingly, MetS can be regarded as a
potential clinical tool that may facilitate the identifica-
tion and ongoing surveillance of individuals at risk of
T2DM and CVD.

The clinical applicability of MetS is constrained by its
binary framework, which results in a loss of informa-
tion regarding the severity of MetS factors and a failure
to consider the spectrum of metabolic abnormality. The
status of metabolic syndrome and its individual compo-
nents may exhibit significant alterations over time, as
elucidated by various cohort and interventional stud-
ies [6-9]; thus, tracking the evolving severity of MetS
is likely to yield substantial utility in monitoring car-
diometabolic derangement. Few research studies have
elucidated the association between dynamic changes
in MetS and the risk of diabetes compared to individu-
als only when their MetS status changes (developing or
recovering from MetS), leading to low precision in pre-
dicting health outcomes [6, 10]. However, these investi-
gations have primarily evaluated individuals solely upon
the occurrence of alterations in their MetS status, either
through its development or recovery, resulting in low
precision in the prediction of health outcomes. It can be
challenging to monitor changes in Mets’ trends and their
effects on health outcomes over time because some peo-
ple may experience consistent MetS status, while others
may switch between having or not having MetS.

To overcome these limitations, we developed age- and
sex-specific continuous MetS severity score (cMetS-S)
equations using confirmatory factor analysis (CFA) to
reflect the severity of MetS, considering the weighted
contribution of the MetS components to MetS [11]. In
clinical practice, the cMetS-S can be used as an indicator
of metabolic health in the primary care setting. Using the
age- and sex-specific cMetS-S equations, each individual
will have a MetS severity score, with higher values indi-
cating higher MetS severity. In contrast to the dichoto-
mous traditional MetS criteria (presence vs. absence),
this age- and sex-specific cMetS-S score considers the
degree of abnormality of the MetS components and
tracks the changes in the severity of MetS. We aimed to
classify the population according to time-serial cMetS-
S trajectories and explore the association between the
longitudinal trajectories of cMetS-S and future T2DM
using latent growth mixture modeling during 18 years of
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follow-up in a prospective population-based cohort Teh-
ran Lipid and Glucose Study (TLGS).

Method

Study population

This study was conducted within the Tehran Lipid and
Glucose Study framework, a longitudinal population-
based cohort conducted to investigate non-communi-
cable diseases in Iran. Previous papers have described
The TLGS design in detail [12]. TLGS was initiated by
enrolling participants in the year 1999 and subsequently
undertaking assessments of these participants at inter-
vals of roughly three years over a span of eighteen years,
comprising six follow-up periods.

In the current study, the follow-up period was divided
into two intervals: a 9-year exposure period for identi-
fying cMetS-S trajectories (from the baseline to the end
of the third follow-up visit) and a 9-year event accrual
period for measuring diabetes incidence (from the third
follow-up visit to the end of the study). A total of 10,813
participants aged 20—60 years were included in the study.
Individuals with diabetes (n=630), cancer (n=39), use
of corticosteroids (n=112), pregnancy (n=174), less
than three cMetS-S measures in the exposure period
(n=>5254), and missing data on covariates (n=673) were
excluded (Figs. 1 and 2). The occurrence of diabetes was
assessed from the beginning of the event accrual period
in three-year intervals. Diabetes was defined as one of the
following: 1) fasting plasma glucose (FPG) level > 126 mg/
dl 2) 2-h post-challenge plasma glucose (2 h-PCP) >200
mg/dl) 3) treatment with diabetes medication.

Data collection

Information on participants, including age, smoking
status, education, physical activity, medical history, and
medication, was collected through interview-admin-
istered questionnaires. Education level was classified
into primary (6 years), high school (6-12 years), and
higher (>12 years) education. Physical activity was cal-
culated based on the metabolic equivalent of the task
scale (METS) using data derived from the physical
activity questionnaires. Participants with a METS score
of less than 600 min per week were considered to have
low physical activity. The trained physicians obtained
anthropometric measurements of waist circumfer-
ence, weight, and height using standard protocols, and
body mass index was calculated accordingly. The blood
samples of the participants were drawn after a 12- to
14-h overnight fasting and analyzed for levels of FPG,
triglycerides (TG), total cholesterol (TC), high-density
lipoprotein cholesterol (HDL-C), and creatinine (Cr)
on the same day using standard laboratory assays and
techniques. Questionnaires and clinical and laboratory
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TLGS participants aged 20-60 years
(n=10,813)

A 4

Final study population
(n=3,931)

Fig. 1 Flowchart illustrating participant selection. TLGS Tehran Lipid and Glucose Study, cMetS-S continuous metabolic syndrome severity score
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measurement protocols used in TLGS were previ-
ously described in detail [12]. Prediabetes was defined
by one of the following: FPG value ranged from 100 to
126 mg/dl or 2h-PCPG in the range of 140-199 mg/dl,
without using glucose-lowering drugs. Individuals with
FPG value < 100 mg/dL and 2h-PCPG < 140 mg/dL were
considered normal according to the American Diabe-
tes Association definition. Hypertension was defined as
SBP > 140 mmHg, DBP >90 mmHg, or being on medi-
cation for hypertension. Dyslipidemia was considered
when TG > 150 mg/dl, TC>200 mg/dl, HDL <40 mg/dl
in men and <50 mg/dl in women, or use of lipid-low-
ering drugs. The eGFR was obtained using the Chronic
Kidney Disease Epidemiology Collaboration creatinine
equation (CKD-EPI 2021).

CMetS-S definition

The cMetS-S score was previously developed accord-
ing to sex and age categories of 20-39 years and 40—60
years using CFA, considering the weighted contribution
of MetS components in each sex and age category (Addi-
tional file 1: Table S1) [11]. cMetS-S was standardized at
mean=0 and SD =1 for easy interpretation. The resulting
cMetS-S is a z-score, with higher scores indicating higher
MetS severity.
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Statistical analysis

We analyzed cMetS-S trajectories in the exposure
period using latent growth mixture modeling (LGMM)
within the "lemm" package in R software. Random
intercept models were utilized, and the participants’
follow-up visits were included as an independent vari-
able to better understand the course of cMetS-S over
time. Visit-cubic natural linear models were used to
assess the potential nonlinearity of risk factors over
time, with a maximum of four nodes in the fixed-effect
part. The number of route groups was limited to a max-
imum of five groups, and model fitness was evaluated
using Bayesian Information Criterion, posterior prob-
ability (>0.7), average likelihood of group membership,
and root mean error of approximation (RMEA). To
ensure clinical meaningfulness, each class was required
to include at least 5% of the participants, and models
with fewer than 5% of the participants were discarded.
Trajectories were identified in total and also separately
in normoglycemic and prediabetic participants.

The association of cMetS-S trajectory classes with
incident T2DM in the event accrual period was deter-
mined using trajectory class membership as an inde-
pendent variable. This association was calculated as
hazard ratios (HRs) and 95% confidence intervals, with
the low cMetS-S trajectory as the reference group using
multivariate Cox proportional hazard regression mod-
els. Graphical checks based on log—log plots of sur-
vival and tests based on Schoenfeld residuals were used
to examine the proportional hazards assumption. We
stratified the Cox models on covariates that did not sat-
isfy the proportional hazards assumption. The method
of entering covariate or confounding variables into the
model was "Enter." So, all the variables that were con-
sidered confounding in terms of the literature review
and experts’ views were included in four models. Model
1 was adjusted for age and sex. Model 2 was adjusted
for age, sex, education, and family history of diabetes.
Model 3 was additionally adjusted for physical activ-
ity, obesity (BMI>30 kg/m?), antihypertensive and
lipid-lowering medication. Model 4 was adjusted for
the covariates in model 3 and baseline FPG. For each
participant, we calculated the person-time of follow-
up starting from the completion of the third cMetS-S
measurement and ending at the earliest occurrence of
the following events: diabetes diagnosis, death, loss
to follow-up, or the end of the follow-up period. The
statistical analyses were performed with STATA 14
(StataCorp, college station, TX, USA) and R-3.0.3 (R
Foundation for Statistical Computing, Vienna, Austria).
A two-sided P-value <0.05 was considered statistically
significant.
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Results

The study population included 3931 participants (41.9%
men) with a mean age of 38.1+10.58 years at base-
line (Table 1). We categorized the population into three
groups based on cMetS-S trajectory classes. The identi-
fied cMetS-S trajectories during the exposure period
were low (class 1), medium (class 2), and high (class
3) (Fig. 3). The proportions of individuals in the low,
medium, and high cMetS-S trajectories were 24.1%,
46.8%, and 29.1%, respectively.

The mean values of age, BMI, and all MetS compo-
nents (except HDL) were significantly greater in the high
cMetS-S trajectory class. The prevalence of men, smok-
ers, and individuals with hypertension and dyslipidemia
was also higher in the high cMetS-S trajectory class
(P value<0.001) compared to the low cMetS-S trajec-
tory class. There was no difference in the prevalence of
low physical activity or diabetes family history across
the cMetS-S trajectory patterns. The baseline character-
istics of the population are also presented according to
subgroups of prediabetic and normoglycemic subjects in
Additional file 1: Table S2.

During 18 years of follow-up, we recorded 472 (12%)
incident cases of diabetes. The incidence rate of diabetes
was 2.8 (95% CI 1.8-4.2) in low, 10.1 (95% CI 8.7-11.8)
in medium, and 30.4 (95% CI: 27.0-34.2) in high cMetS-
S trajectory classes, respectively (Table 2). Membership
in medium and high cMetS-S trajectory patterns sig-
nificantly increased the risk of diabetes with HRs of 2.44
(95% CI: 1.56-3.81) and 6.81 (95% CI: 4.07—10.01) in fully
adjusted models, respectively.

In subgroup analyses, the medium and high cMetS-
S trajectory class had an incrementally higher risk of
incident diabetes than the low cMetS-S trajectory class
(Tables 2 and 3). The high cMetS-S trajectory pattern had
an HR of 6.80 (95% CI: 2.48—18.58) in men and an HR of
7.56 (95% CI: 4.54—12.89) in women (Table 2). Another
subgroup analysis was conducted in prediabetic and nor-
mal subjects (Table 3). The high cMetS-S pattern was
associated with future diabetes in prediabetics (HR:3.78;
95% CI:2.15-6.65) and normoglycemic subjects (HR:7.12;
95% CI:6.05-12.52). The Kaplan—Meier curve demon-
strated a significant difference in diabetes-free probabil-
ity between cMetS-S-S trajectory patterns, with medium
and high trajectories having poorer diabetes-free prob-
ability in all subgroups (P log rank < 0.001) (Fig. 4).

Discussion

This groundbreaking research presents a unique depic-
tion of how the severity of metabolic syndrome changes
over time and how it relates to the development of type
2 diabetes in a representative sample of Iranian adults
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Table 1 Baseline characteristics of the study population according to continuous metabolic syndrome severity score (cMetS-S)

trajectory classes

Characteristics Overall cMetS-S* trajectory patterns P-value
Class 1 Class 2 Class 3
Number of participants 3931 931 1865 1135 -
Age (years) 38.08+10.58 3261+£9.74 3860+ 10.25 41.71+9.98 <0.001
Male 1648 (41.92) 202 (21.70) 813 (43.59) 633 (55.77) <0.001
Body mass index (kg/m2) 26.70£4.51 23.68+3.73 26.69+£4.09 29.18£4.23 <0.001
Waist circumference (cm) 87.25£11.56 77.56£9.23 87.22+£9.77 9524+9.76 <0.001
Education <0.001
llliterate/primary school (<6 yrs.) 2355 (59.91) 502 (53.92) 1129 (60.54) 724 (63.79)
High school (6-12 years) 985 (25.06) 253 (27.18) 467 (25.04) 265 (23.35)
Higher education (=12 years) 591 (15.03) 176 (18.90) 269 (14.42) 146 (12.86)
Smokers 490 (12.47) 64 (6.87) 240 (12.87) 186 (16.39) <0.001
Low physical activity 2637 (67.08) 612 (65.74) 1250 (67.02) 775 (68.28) 047
DM family history 363 (9.89) 85 (9.70) 178 (10.15) 100 (9.59) 0.52
Hypertension 291 (25.64) 291 (25.64) 291 (25.64) 291 (25.64) <0.001
Dyslipidemia 1679 (42.71) 20 (2.15) 665 (35.66) 994 (87.58) <0.001
SBP (mmHg) 11443+1543 10628+ 11.79 114.01+14.29 121.82+16.31 <0.001
DBP (mmHg) 76.38+10.21 7130£8.75 76.14+9.62 80.94+10.20 <0.001
FBS (mg/dL) 8846+8.73 84.98+7.72 88.59+8.44 91.12+£9.00 <0.001
Triglyceride (mg/dL) 1575119740 80.89+£27.45 138.35+51.05 251.85+116.81 <0.001
HDL-C (mg/dL) 42.06+10.78 50.07+£11.02 41.99+9.18 35.60+£8.38 <0.001
Antihypertensive drug use 116 (2.95) 6 (0.64) 55(2.95) 55 (4.85) <0.001
Lipid-lowering drug use 52(132) 2(0.21) 19(1.02) 31(2.73) <0.001
MetS (JIS) 1123 (28.57) 7(0.75) 338(18.12) 778 (68.55) <0.001
MetS (IDF) 1000 (25.44) 6 (0.64) 281 (15.07) 713(62.82) <0.001
cMetS-S 00£1.0 -1.20+£0.56 —0.05+0.55 1.07+£0.59 <0.001

*The population was classified into three trajectory classes using latent growth mixture modeling, including trajectories of low (class 1), medium (class 2), and high

(class 3) cMetS-S

The categorical and continuous variables were reported as count (percentage) and mean +SD, respectively

cMetS-S continuous metabolic syndrome severity score, DM diabetes, SBP systolic blood pressure, DBP diastolic blood pressure, FBS fasting blood sugar, HDL-C high-
density lipoprotein cholesterol, MetS metabolic syndrome, JIS joint interim statement, IDF International Diabetes Federation
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involved in a long-term population-based cohort study
spanning 18 years. Using the GMM trajectory modeling
technique on a longitudinal dataset of MetS sever-
ity scores across three examination cycles helps us to
identify discrete hidden growth patterns of MetS sever-
ity scores by illustrating particular sets of people who
exhibit distinctive MetS severity score trends through-
out the observed periods. The cMetS-S trajectory dur-
ing adulthood displayed three distinct patterns; notably,
the severity of MetS remained relatively stable within
each pattern over the 10-year observation period. The
demographic segment comprising individuals with
middle and high trajectory patterns constituted more
than three-quarters of the overall population. The risk
of diabetes increased by more than twice in individu-
als following the middle cMetS-S trajectory pattern
and over six times in those following the high cMetS-S
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Table 2 Cox proportional hazard ratios (HRs) of the identified cMetS-S trajectory patterns for incidence T2DM in total and according

to sex
Events IR (95% CI)" HR (95% CI) Test PH
p-value®
Model 1 Model 2 Model 3 Model 4
Men (n=1648)
Class 1 (n=202) 4 23(09-6.1) 1.0 (Reference) 1.0 (Reference) 1.0 (Reference) 1.0 (Reference) -
Class 2 (n=813) 68 9.5 (7.5-12.0) 3.70(1.35-10.18) 3.70(1.35-10.18) 3.36(1.22-9.25) 2.83(1.03-7.81) 0.6
Class 3 (n=633) 129 24.6 (20.7-29.3) 10.22 (3.77-27.68) 10.20(3.77-27.63) 8.90(3.27-24.25) 6.80(2.48-18.58) 0.98
Women (n=2283)
Class 1 (n=729) 19 29(1.9-46) 1.0 (Reference) 1.0 (Reference) 1.0 (Reference) 1.0 (Reference) -
Class 2 (n=1052) 100 10.6 (8.7-12.9) 3.31 (2.00-5.45) 3.33(2.02-5.49) 3.10(1.86-5.11) 2.52(1.51-4.18) 0.07
Class 3 (n=502) 152 37.9(32.3-44.4) 11.95 (7.20-19.85) 12.11(7.29-20.12) 10.63(6.33-17.86) 7.65(4.54-1289) 0.3
Total (n=3931)
Class 1 (n=931) 23 28(1.8-4.2) 1.0 (Reference) 1.0 (Reference) 1.0 (Reference) 1.0 (Reference) -
Class 2 (n=1865) 168 10.1 (8.7-11.8) 3.13(2.01-4.87) 3.10(1.99-4.84) 2.87(1.84-4.48) 244(1.56-3.81) 0.08
Class 3 (n=1135) 281 304 (27.0-34.2) 9.58 (6.17-14.87) 947(6.10-14.71) 8.37(5.35-13.09) 6.38(4.07-10.01) 0.25

Model 1: Adjusted for age and sex

Model 2: Adjusted for age, sex, education, DM family history

Model 3: Adjusted for age, sex, education, DM family history, physical activity, obesity, antihypertensive drug use, lipid-lowering drug use

Model 4: Adjusted for age, sex, education, DM family history, physical activity, obesity, antihypertensive drug use, lipid-lowering drug use. and fasting plasma glucose
The population was classified into three trajectory classes using latent class analysis, including trajectories of low (class 1), medium (class 2), and high (class 3) cMetS-S
cMetS-S continuous metabolic syndrome severity score;

2 IR Incidence rate per 1,000 person-years

b The proportional hazards assumption was tested based on Schoenfeld residuals.There is no evidence that proportional-hazards assumption has been violated. In the
fully adjusted model (model 4), the p-value of the global test proportional hazards assumption is equal to 0.37

Table 3 Cox proportional hazard ratios (HRs) of the identified cMetS-S trajectory patterns for incidence type 2 diabetes mellitus in
normoglycemic and prediabetic individuals

Test PH
p-value

Events IR (95% CI)? HR (95% Cl)

b

Model 1 Model 2 Model 3 Model 4

Normoglycemic subjects at baseline (n=3260)
Class 1 (n=867) 15 2.1 (1.2-34)
Class 2 (hn=1558) 83 6.1(4.9-7.6)
Class 3 (n=835) 159 20.1(17.2-234)
Prediabetic subjects at baseline (n=671)

1.0 (Reference) -
2.20(1.25-3.88) 041
7.12(6.05-12.52) 0.78

1.0 (Reference)
239(1.36-4.21)
7.93(4.51-13.94)

1.0 (Reference)
264 (1.51-4.62)
9.24 (5.31-16.07)

1.0 (Reference)
267 (1.53-4.68)
9.46 544-1643)

Class 1 (n=64) 16 15.6 (9.6-25.5) 1.0 (Reference) 1.0 (Reference) 1.0 (Reference) 1.0 (Reference) -
Class 2 (n=307) 94 37.8(30.9-46.3) 254 (1.46-4.41) 2.51(1.45-4.37) 260 (1.50-4.52) 2.53(1.46-4.66) 0.09
Class 3 (n=300) 105 60.6 (50.1-73.4) 4.04(2.32-7.03) 3.74(2.13-6.56) 3.99 (2.27-7.00) 3.78 (2.15-6.65) 0.14

Model 1: Adjusted for age and sex

Model 2: Adjusted for age, sex, education, DM family history

Model 3: Adjusted for age, sex, education, DM family history, physical activity, obesity, antihypertensive drug use, lipid-lowering drug use

Model 4: Adjusted for age, sex, education, DM family history, physical activity, obesity, antihypertensive drug use, lipid-lowering drug use. and fasting plasma glucose
The population was classified into three trajectory classes using latent class analysis, including trajectories of low (class 1), medium (class 2), and high (class 3) cMetS-S
CMetS-S, continuous metabolic syndrome severity score; PH, proportional-hazards assumption

“ IR Incidence rate per 1,000 person-years

b The proportional hazards assumption was tested based on Schoenfeld residuals. There is no evidence that proportional-hazards assumption has been violated
(p>0.5). In the fully adjusted model (model 4), the p-value of the proportional hazards assumption of the global test in normoglycemic and prediabetic subjects at
baseline is equal to 0.18 and 0.56, respectively
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Fig. 4 Kaplan-Meier curve of diabetes-free probability by cMetS-S trajectories in different subgroups. The population was classified into three
trajectory classes using latent class analysis, including trajectories of low (class 1), medium (class 2), and high (class 3) cMetS-S. cMetS-S continuous

metabolic syndrome severity score

trajectory pattern, even after excluding those who were
prediabetic, as per the fully adjusted model.

Many epidemiological studies have indicated the asso-
ciation between the different sets of the traditional MetS
criteria and new-onset T2DM; however, most evidence
casts substantial doubt on its clinical predictive value
beyond its individual components [3, 13, 14]. There still
has been much controversy concerning the certainty of
the definition and its value in identifying those at high
risk of diabetes [3, 15]. MetS as a whole entity encoun-
ters many drawbacks in clinical practice, e.g., different
definitions impede the compelling necessity to precisely
detect individuals at risk for health outcomes [15]. While
MetS covers the wide spectrum of metabolic abnormal-
ity, its binary criteria overlooks the severity of each com-
ponent and the exerted load on P cell function and limits
tracking the changes made over time. Although evidence
indicates that obesity and impaired glucose regulation
are the most potent predictors of diabetes, MetS assigns
similar risk estimates to each component [16]. Also, a
number of MetS-free individuals with probable risk for
diabetes, such as prediabetics, might be missed. Creat-
ing a continuous scale from MetS components reflects
the continuum of risk in MetS, which overcomes the

above-mentioned limitations and improves the predictive
ability of MetS by eluding loss of power from a dichoto-
mous use of data.

Despite recent growing interest in MetS severity score,
the studies in the Middle East are limited. A few reports
suggest that the MetS severity z-score yields a further
prediction of the development of diabetes over individ-
ual MetS components and is a stronger predictor than
MetS [8, 17, 18]. Despite the ability of the score to track
long-term metabolic changes and their health effects, no
studies have evaluated the effect of the dynamic course
of MetS severity score on diabetes and other health out-
comes worldwide. Data from pulled cohorts of the Ath-
erosclerosis Risk in Communities Study (ARIC) and the
Jackson Heart Study (JHS) on 13,094 participants showed
that MetS severity score at baseline was associated with
future diabetes (HR=17.4), which attenuated to the HR
of 3.69 after adjusting for the individual MetS compo-
nents [18]. The study by Gurka et al. lacked the assess-
ment of the correlation between the trajectory of the
MetS severity score and the onset of diabetes; neverthe-
less, a subsample analysis adjusted for age alone indicated
that a MetS score increase of at least 0.05 over a 4-year
period led to a 2.6-fold higher risk [18, 19]. Another
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study by the same group showed that adding MetS sever-
ity score to the common T2DM risk scores improved the
discrimination and predictive performance of common
T2DM risk scores [17] with much clearer clinical accu-
racy for T2DM than for CVD [17]. In a study by DeBoer
et al., baseline MetS severity Z-score values predicted
future diabetes, and the change in this score from ado-
lescence to adulthood conveyed further disease risk and
showed modest within-person durability of MetS sever-
ity over 26 years [20].

The high cMetS-S pattern was associated with a sev-
enfold increase in future diabetes in adults with nor-
mal blood glucose levels compared with a 3.7 increased
risk in prediabetic individuals. This finding is of utmost
importance as it highlights that adults with high MetS
severity scores and normal blood glucose levels who
are at high risk for future diabetes might be overlooked.
The importance of screening for T2DM goes beyond
just detecting people who are at prediabetic state; how-
ever, the ADA guideline recommends beginning screen-
ing in asymptomatic individuals without any risk factors
at the age of 35 years and at three-year intervals [21]. In
line with this finding, the recently released report sug-
gests that the term prediabetes is problematic and that
it is better to be replaced with more comprehensive and
multifactorial risk models [22]. These models should
incorporate various measures of glycemia, as well as soci-
odemographic and clinical information, to allow for the
development of optimal intervention strategies tailored
to each individual.

The time-serial clustering analysis indicated no sub-
stantial change in the categories of MetS severity as over-
all individuals with high MetS severity remained high
and those with low MetS severity remained low in three
assessments over ten years follow-up. This finding shows
that poor metabolic health condition in adults remains
stable over time, indicating that changes in health behav-
ior tend to be more burdensome in adults. On the other
hand, the stable longitudinal trend in cMetS-S might
indicate a lack of timely preventive measures leading
to better health status, especially in low- and middle-
income countries. Although the evidence indicated posi-
tive effects of lifestyle intervention to prevent MetS, the
effects disappeared after a few years and were not long-
lasting [23-25]. In line with the current study, the Ewha
Birth and Growth Study showed three distinct patterns
in cMetS-S trajectory during childhood (3-12 years of
age), and the cMetS-S score was consistently maintained
throughout the observation period in all patterns (21).
Koohi et al. detected three CVD risk score trajectories
of high-increasing, medium-increasing, and low-stable
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during ten years; however, after keeping the age constant
at baseline, the status of CVD risk score trajectories was
similar but not increasing at the level of risk during the
time indicating the impact of age on CVD risk score [26].
Bress and colleagues have also demonstrated the influ-
ence of aging on risk assessment scoring [27]. Based on
the anticipated degradation of metabolic parameters dur-
ing the aging process, the unchanging severity score tra-
jectories of MetS appear illogical. However, this should
be attributed to the age and gender-specific features of
controlled (cMetS-S integrated into the model, wherein
an individual’s age is taken into account.

The MetS severity score equations which are formu-
lated using CFA, vary across ethnicities due to the differ-
ences in the prevalence of MetS components contributing
to MetS [11]. The only study on the association between
MetS severity score and diabetes in the Iranian popula-
tion suggested that each unit increase in baseline MetS
severity score is associated with nearly two-fold increased
risk of diabetes in the total population and women [28].
However, the study did not find a significant association
in men. The reason may be that the MetS severity score
was calculated based on the equations derived from the
American white population instead of the Iranian pop-
ulation. The current study used age- and sex-specific
MetS severity equations derived from the Iranian popu-
lation. The absence of health policies focused on MetS,
especially in low- and middle-income countries such as
Iran underscores a critical gap in addressing the grow-
ing health challenges associated with MetS. The current
study on MetS severity score reveals that individuals with
a high severity score for MetS tend to have a consistently
high score over the long term, regardless of their glyce-
mic status. This finding highlights that the MetS sever-
ity score can be utilized to establish policies that begin
with primary care, allowing for the regular assessment of
individuals’ metabolic health, monitoring of changes, and
implementing interventions to prevent diabetes (Fig. 5).

This study exhibits notable strengths in terms of
research methodology, data interpretation, and ana-
lytical framework employed in the investigation. The
current investigation is distinguished from previous
research endeavors in that it is the sole global study to
assess the correlation between the trajectory of Meta-
bolic Syndrome severity score and the incidence of
T2DM. Moreover, the present research pertains to a
population-based prospective investigation conducted
on a representative sample of the Iranian population,
consisting of individuals over 20 years of age during
two decades of follow-up. Third, sophisticated GMM
trajectory analysis enables us to classify populations to
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Fig. 5 Assessment and management of metabolic syndrome using MetS severity score in the primary healthcare center. Laboratory measurement
data, including triglyceride, high-density lipoprotein cholesterol, fasting plasma glucose levels, and data obtained from physical examination,
including systolic blood pressure and waist circumference, are collected and entered into the electronic health record system. The integrated
continuous metabolic syndrome severity score (cMetS-S) calculator utilizes the collected data to calculate the severity of metabolic syndrome
based on the individual's sex and age category (20-39 and 40-60 years) using the cMetS-S equations. Recommendations and interventions are
provided to individuals if necessary, and they are scheduled for reassessment for their next visit. MetS Metabolic syndrome

unobserved (latent) subpopulations with similar behav-
ior or trajectory patterns, estimating an average growth
curve for each class while allowing for variations
between individuals of the same class by introducing
random effects in the model. Other technical aspects,
such as missing data, correlated residuals, and treating
residuals in regressions and random effects in mixed
effects models as latent variables, are all captured
through GMM. Lastly, the model was stepwise adjusted
for important confounders. The study’s findings may
not apply universally to all ethnic groups due to lim-
ited generalizability, given the evidence that highlights
variations in the severity score of metabolic syndrome
across different races [19]. The trajectory approach
utilized in this study to collect data over three exami-
nation cycles may have omitted a small proportion of
individuals (i.e., less than 5%) who exhibited improving
or worsening patterns due to lifestyle modifications,
resulting in the incorrect classification of these individ-
uals into an inappropriate trajectory pattern.

We conclude that metabolic health conditions of the
adult population, as indicated by cMetS-S, exhibit rela-
tive stability over the course of ten years. People with
unhealthy metabolic states for over ten years are at a
higher risk, more than eightfold, of developing diabe-
tes in the future despite having presently normal blood
glucose. The suggested ADA guideline of a three-year
interval for screening healthy adults may require reas-
sessment and evaluation [29]. It may be beneficial for
these people to have regular check-ups and consider

taking preventive actions like modifying their lifestyle.
Smartly integrating an automatic calculation of the
cMetS-S into an electronic health record (EHR) system
would facilitate the process for healthcare providers to
identify and monitor individuals at high risk, imple-
ment necessary treatment, and monitor their recovery
progress.

Abbreviations

ADA American Diabetes Association

ARIC Atherosclerosis Risk in Communities Study
BMI Body mass index

CFA Confirmatory factor analysis
CKD-EPI'  Chronic Kidney Disease Epidemiology Collaboration
CMetS-S  Continuous MetS severity score

Cr Creatinine

cvD Cardiovascular Disease

DBP Diastolic blood pressure

EHR Electronic health record

eGFR Estimated glomerular filtration rate
FPG Fasting plasma glucose

GMM Growth mixture modeling

HDL High-density lipoprotein cholesterol

JHS Jackson Heart Study

LGMM Latent growth mixture modeling
LGMM Latent growth mixture modeling
METS Metabolic equivalent of the task scale
MetS Metabolic syndrome

RMEA Root mean error of approximation
SBP Systolic blood pressure

TC Total cholesterol

TG Triglycerides

TLGS Tehran Lipid and Glucose Study
T2DM Type 2 diabetes mellitus



Amouzegar et al. Journal of Translational Medicine (2023) 21:750

Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/512967-023-04639-w.

Additional file 1: Table S1. Age- and sex-specific equations of continu-
ous metabolic syndrome severity score (cMetS-S) derived from confirma-
tory factor analysis. Table S2. Baseline characteristics of the study popula-
tion based on prediabetic and normoglycemic subgroups.

Acknowledgements
None.

Author contributions

All authors contributed to writing the manuscript. AA: designing and editing

the manuscript; MH: conceptualization, designing, methodology, analysis,
illustrations, and preparation of the original draft; SM: data analysis and

illustrations; DK: review and editing methodology; FA: project supervision and

editing the final draft; LM: project administration & editing the final draft. All
authors reviewed the manuscript.

Funding

This research did not receive any specific grant from funding agencies in the

public, commercial, or not-for-profit sectors.

Availability of data and materials

Datasets generated during and/or analyzed during the current study are not

publicly available due to institutional policies but are available from the cor-
responding author on reasonable request.

Declarations

Ethics approval and consent to participate

This study conformed to the ethical guidelines of the Helsinki Declaration
and approved by the Human Research Review Committee of the Endocrine
Research Center of Shahid Beheshti University of Medical Sciences, Tehran,
Iran (IR.SBMU.ENDOCRINE.REC.1401.081). All participants provided informed

written subjects.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 3 June 2023 Accepted: 17 October 2023
Published online: 25 October 2023

References

1.
2.

IDF Diabetes Atlas. https://www.diabetesatlas.org. Accessed 2 May 2023.
Sun H, Saeedi P, Karuranga S, Pinkepank M, Ogurtsova K, Duncan BB, Stein
C, Basit A, Chan JCN, Mbanya JC, et al. IDF diabetes atlas: global, regional
and country-level diabetes prevalence estimates for 2021 and projections
for 2045. Diabetes Res Clin Pract. 2022. https://doi.org/10.1016/j.diabres.
2021.109119.

Ford ES, Li C, Sattar N. Metabolic syndrome and incident diabetes: current
state of the evidence. Diabetes Care. 2008;31:1898-904.

Mottillo S, Filion KB, Genest J, Joseph L, Pilote L, Poirier P, Rinfret S, Schif-
frin EL, Eisenberg MJ. The metabolic syndrome and cardiovascular risk: a
systematic review and meta-analysis. J Am Coll Cardiol. 2010;56:1113-32.
Fahed G, Aoun L, Bou Zerdan M, Allam S, Bou Zerdan M, Bouferraa Y, Assi
HI. Metabolic syndrome: updates on pathophysiology and management
in 2021. Int J Mol Sci. 2022;23:786.

Ohnishi H, Saitoh S, Akasaka H, Furukawa T, Mori M, Miura T. Impact

of longitudinal status change in metabolic syndrome defined by two

20.

22.

23.

24.

25.

Page 10 of 11

different criteria on new onset of type 2 diabetes in a general Japanese
population: the Tanno-Sobetsu Study. Diabetol Metab Syndr. 2016;8:64.
Walden P, Jiang Q, Jackson EA, Oral EA, Weintraub MS, Rubenfire M.
Assessing the incremental benefit of an extended duration lifestyle inter-
vention for the components of the metabolic syndrome. Diabetes Metab
Syndr Obes. 2016;9:177-84.

Low S, Khoo KCJ, Wang J, Irwan B, Sum CF, Subramaniam T, Lim SC,
Wong TKM. Development of a metabolic syndrome severity score and its
association with incident diabetes in an Asian population-results from a
longitudinal cohort in Singapore. Endocrine. 2019;65:73-80.

Lee M-K, Han K, Kim MK, Koh ES, Kim ES, Nam GE, Kwon H-S. Changes in
metabolic syndrome and its components and the risk of type 2 diabetes:
a nationwide cohort study. Sci Rep. 2020;10:2313.

Huh JH, Ahn SG, Kim Y1, Go T, Sung KC, Choi JH, Koh KK, Kim JY. Impact

of longitudinal changes in metabolic syndrome status over 2 years on
10-year incident diabetes mellitus. Diabetes Metab J. 2019;43:530-8.

. Honarvar M, Masoumi S, Mehran L, Khalili D, Amouzegar A, Azizi F. Devel-

opment and validation of a continuous metabolic syndrome severity
score in the Tehran Lipid and Glucose Study. Sci Rep. 2023;13:7529.

Azizi F, Ghanbarian A, Momenan AA, Hadaegh F, Mirmiran P, Hedayati M,
Mehrabi Y, Zahedi-Asl S. Prevention of non-communicable disease in a
population in nutrition transition: Tehran Lipid and Glucose Study phase
. Trials. 2009;10:5.

Lorenzo C, Williams K, Hunt KJ, Haffner SM. The National Cholesterol
Education Program—Adult Treatment Panel lll, International Diabetes
Federation, and World Health Organization definitions of the metabolic
syndrome as predictors of incident cardiovascular disease and diabetes.
Diabetes Care. 2007;30:8-13.

Hanley AJ, Karter AJ, Williams K, Festa A, D’Agostino RB Jr, Wagenknecht
LE, Haffner SM. Prediction of type 2 diabetes mellitus with alternative
definitions of the metabolic syndrome: the Insulin Resistance Atheroscle-
rosis Study. Circulation. 2005;112:3713-21.

Kahn R, Buse J, Ferrannini E, Stern M. The metabolic syndrome: time for a
critical appraisal. Joint statement from the American Diabetes Association
and the European Association for the Study of Diabetes. Diabetologia.
2005;48:1684-99.

Ayubi E, Khalili D, Delpisheh A, Hadaegh F, Azizi F. Factor analysis of
metabolic syndrome components and predicting type 2 diabetes:
results of 10-year follow-up in a Middle Eastern population. J Diabetes.
2015;7:830-8.

Guo Y, Musani SK, Sims M, Pearson TA, DeBoer MD, Gurka MJ. Assessing
the added predictive ability of a metabolic syndrome severity score in
predicting incident cardiovascular disease and type 2 diabetes: the Ath-
erosclerosis Risk in Communities Study and Jackson Heart Study. Diabetol
Metab Syndr. 2018;10:42.

Gurka MJ, Golden SH, Musani SK, Sims M, Vishnu A, Guo Y, Cardel M,
Pearson TA, DeBoer MD. Independent associations between a metabolic
syndrome severity score and future diabetes by sex and race: the Athero-
sclerosis Risk In Communities Study and Jackson Heart Study. Diabetolo-
gia. 2017,60:1261-70.

Gurka MJ, Filipp SL, Pearson TA, DeBoer MD. Assessing baseline and tem-
poral changes in cardiometabolic risk using metabolic syndrome severity
and common risk scores. J Am Heart Assoc. 2018;7: e009754.

DeBoer MD, Gurka MJ, Woo JG, Morrison JA. Severity of the metabolic
syndrome as a predictor of type 2 diabetes between childhood and
adulthood: the Princeton Lipid Research Cohort Study. Diabetologia.
2015;58:2745-52.

. Standards of care in diabetes-2023 abridged for primary care providers.

Clin Diabetes 2022, 41:4-31.

Herman WH. Prediabetes Diagnosis and Management. JAMA.
2023;329:1157-9.

Khalili D, Asgari S, Lotfaliany M, Zafari N, Hadaegh F, Momenan AA,
Nowroozpoor A, Hosseini-Esfahani F, Mirmiran P, Amiri P, Azizi F. Long-
term effectiveness of a lifestyle intervention: a pragmatic community trial
to prevent metabolic syndrome. Am J Prev Med. 2019;56:437-46.
Carleton RA, Lasater TM, Assaf AR, Feldman HA, McKinlay S. The Paw-
tucket Heart Health Program: community changes in cardiovascular risk
factors and projected disease risk. Am J Public Health. 1995,85:777-85.
Luepker RV, Murray DM, Jacobs DR Jr, Mittelmark MB, Bracht N, Carlaw R,
Crow R, EImer P, Finnegan J, Folsom AR, et al. Community education for


https://doi.org/10.1186/s12967-023-04639-w
https://doi.org/10.1186/s12967-023-04639-w
https://www.diabetesatlas.org
https://doi.org/10.1016/j.diabres.2021.109119
https://doi.org/10.1016/j.diabres.2021.109119

Amouzegar et al. Journal of Translational Medicine

26.

27.

28.

29.

(2023) 21:750

cardiovascular disease prevention: risk factor changes in the Minnesota
Heart Health Program. Am J Public Health. 1994;84:1383-93.

Koohi F, Ahmadi N, Hadaegh F, Safiee S, Azizi F, Khalili D. Trajectories of
cardiovascular disease risk and their association with the incidence of
cardiovascular events over 18 years of follow-up: the Tehran Lipid and
Glucose study. J Transl Med. 2021;19:309.

Bress AP, Colantonio LD, Booth JN 3rd, Spruill TM, Ravenell J, Butler M,
Shallcross AJ, Seals SR, Reynolds K, Ogedegbe G, et al. Modifiable risk
factors versus age on developing high predicted cardiovascular disease

risk in blacks. J Am Heart Assoc. 2017. https://doi.org/10.1161/JAHA.T16.

005054.

Meamar R, Amini M, Aminorroaya A, Nasri M, Abyar M, Feizi A. Severity
of the metabolic syndrome as a predictor of prediabetes and type 2
diabetes in first degree relatives of type 2 diabetic patients: A 15-year
prospective cohort study. World J Diabetes. 2020;11:202.

Association AD: 15. Diabetes care in the hospital: standards of medical
care in diabetes-2020. Diabetes Care 2020;43:5193-5202.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 11 of 11

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://doi.org/10.1161/JAHA.116.005054
https://doi.org/10.1161/JAHA.116.005054

	Trajectory patterns of metabolic syndrome severity score and risk of type 2 diabetes
	Abstract 
	Background 
	Methods 
	Results 
	Conclusion 

	Introduction
	Method
	Study population
	Data collection
	CMetS-S definition
	Statistical analysis

	Results
	Discussion
	Anchor 15
	Acknowledgements
	References


