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Abstract. Background and aim: Body mass index (BMI) is the cornerstone of obesity 

alternative anthropometric parameters in terms of their association with metabolic health 
. Materials and methods: Cross-sectional analysis 

-
crinology clinic. Weight, height, and waist circumference values were used to calculate 
the following anthropometrics: waist-to-height ratio (WHtR), Body Shape Index (ABSI), 
Body Roundness Index (BRI), Conicity Index (CI), Weight-adjusted Waist Index (WWI), 

-

GGT). After log-transformation, they were standardized and combined into glycemic, lipid, 
hepatic, and overall metabolic burden composite scores. Hierarchical linear regression 
models adjusted for age and sex were used to measure the association between each 

Results: The strongest association with the 

 
Conclusion: -
ly associated with composite metabolic laboratory burden in routine outpatient practice.

Key words: anthropometrics, obesity, metabolic health, body shape index, body roundness index, 

conicity index, relative fat mass, weight-adjusted waist index

Corresponding author: 

ORCID: 

Received:  Accepted: 

10.2478/AMB-2026-0066



2 P. Ivanov, Y. Assyov, R. Tafradjiiska-Hadjiolova, T. Handjieva-Darlenska

INTRODUCTION

O
besity is a major clinical and public health 
burden with increasing prevalence. As phar-
macological and surgical treatment methods 

develop rapidly, the need for a more precise risk 

attention [1-3]. Body mass index (BMI), the founda-

adiposity or body composition accurately, as well as 
the respective nuance in metabolic risk. Consequent-
ly, individuals with a BMI lower than 30 kg/m² may 
exhibit adverse glycemic, lipid, or hepatic laboratory 

-
vates the search for accessible surrogate markers of 

well as the development of alternative staging sys-

Anthropometric indicators of central adiposity (e.g., 
waist-to-height ratio (WHtR) and waist-to-hip ratio 
(WHR) are increasingly emphasized in clinical guid-
ance due to their closer correspondence with abdom-
inal fat distribution [1, 2, 10, 11]. In parallel, several 
alternative anthropometric indices have been pro-
posed to characterize body shape and adiposity us-
ing simple measurements, including the Body Shape 
Index (ABSI), Body Roundness Index (BRI), Conicity 
Index (CI), Weight-Adjusted Waist Index (WWI), and 
Relative Fat Mass (RFM) [12-17]. However, evidence 
comparing these indices is heterogeneous across 
populations and outcomes, and their associations 
with routinely obtained metabolic laboratory markers 

-

In a cross-sectional outpatient endocrinology co-
hort, we examined the associations between BMI, 
WHtR, and selected alternative anthropometric indi-
ces (ABSI, BRI, CI, WWI, and RFM) and metabolic 
laboratory burden summarized using domain-spe-

scores. We further compared indices with respect to 

-
tral adiposity/body shape would demonstrate stron-
ger associations with composite metabolic burden 
than BMI alone.

MATERIALS AND METHODS

Study design and setting

clinical data from an outpatient endocrinology clinic. 

performed between January 2017 and July 2024.

Participants

-
corded anthropometry, body composition, and bio-
chemical laboratory data. Individuals with common 
obesity-related comorbidities (e.g., hypertension, 
type 2 diabetes mellitus) were included to enhance 
clinical representativeness. A sensitivity analysis re-
stricting to participants without documented comor-
bidities was performed to evaluate robustness to 
potential confounding by comorbidity and treatment 
exposure.

Outcomes

Primary outcomes were fasting plasma glucose 
(FPG), HbA1c, LDL-cholesterol (LDL-C), triglyc-

scores were calculated to increase statistical power 
and reduce random measurement noise, as well 

-
ing. From a biological perspective, the composite 
scores were constructed to summarize correlated 
biochemical domains and overall metabolic burden. 

-

-

-
tive stress pathways often accompanying steatotic 

three domains (glycemic, lipid, and hepatic score) 
represents the “metabolic composite score,” which 
represents general metabolic load as a continuous 
trait, so that degrees of risk can be captured more 

same or similar methods, yielding promising results 
and a clinically potent research gap [23-26].

Exposures

Exposures of interest were BMI, Waist-to-Height 
Ratio (WHtR), A Body Shape Index (ABSI), Body 
Roundness Index (BRI), Conicity Index (CI), Weight-
Adjusted Waist Index (WWI), and Relative Fat Mass 

-

1 [13-17]. Height and waist circumference were 
converted to meters for index computation where 
required (ABSI, BRI, CI), and unit-consistent ratios 
were used for WHtR and RFM. WWI was computed 
as WC (cm) divided by the square root of weight 
(kg) to preserve comparability with commonly re-
ported implementations.
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Covariates

established physiological associations with adiposity 
distribution and metabolic laboratory parameters.

Data sources and measurement

Weight and height were measured using calibrated 
scales and a stadiometer. Waist circumference (WC) 
was measured using a standard tape according to 
a standardized protocol. Body composition was as-

-
ta MC-780), including fat mass, body fat percentage, 
visceral fat rating, and skeletal muscle mass. Labo-
ratory results were extracted from supplementary 
medical documentation.

Bias and confounding

Since the cohort consists of a real-world patient sam-
ple, estimated associations should be interpreted as 
age- and sex-adjusted relationships observed in rou-

-
ticipants with hypertension, type 2 diabetes, and other 
common comorbidities improves clinical representa-
tiveness, but introduces potential confounding because 
both comorbidity status and pharmacotherapy can in-

-
late with adiposity distribution. Medication data were 

-
-

ness, we performed sensitivity analyses restricting to 
participants without documented comorbidities, which 

of disease- and treatment-related confounding. Selec-
tion bias may limit generalizability beyond similar out-
patient settings. Measurement bias was minimized via 
standardized protocols and calibrated equipment.

Power analysis

G*Power software was used for post-hoc sensitivity 
analysis with alpha level set at 0.05 and power 0.80 

based on the sample size, choice of test, and number 
of predictors.

Missing data

Missing value analysis revealed patterns of miss-
ingness in data, including Little’s test for missing 
completely at random (MCAR). Given substantial 
missingness in WC and some laboratory variables 

equations (MICE) with predictive mean matching was 
performed (m = 200 imputations; 30 iterations). Pre-
dictors included age, weight, height, WC, fat mass, 
skeletal muscle mass, and visceral fat rating, select-
ed a priori based on moderate-to-strong correlations 
with target variables.

Because of deviation from the normal distribution, 
laboratory variables were log-transformed before 
imputation to reduce right-skewness, and MICE 
was performed on the transformed scale. Log-trans-
formed laboratory variables were then standardized 
to z-scores using the mean and standard deviation 
of the full analytic cohort within each imputed data-
set. Domain composite scores were computed as the 
arithmetic mean of the relevant standardized com-
ponents (glycemic: zFPG and zHbA1c; lipid: zLDL-C 

metabolic score was calculated as the mean of the 
three domain scores. Anthropometric indices that de-
pend on WC were computed after imputation of WC 
to preserve deterministic relationships among de-
rived anthropometric and laboratory variables within 

model statistics were pooled across imputations us-
ing Rubin’s rules [27].

Statistical analysis

SPSS Statistics v.26.0. Data distribution of each vari-
able was assessed using visual inspection of Q-Q plots 
and the Kolmogorov-Smirnov test. Associations be-

Table 1. Anthropometric indices

Index Calculation

Body Mass Index (BMI) 

Waist-to-Height Ratio (WHtR) 

Relative Fat Mass (RFM) 

Body Roundness Index (BRI) 

Weight-adjusted Waist Index (WWI) 

A Body Shape Index (ABSI)  

Conicity Index (CI) 
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tween anthropometric indices and composite outcomes 
were examined using hierarchical linear regression 
models: Block 1 included age and sex, while Block 2 
added one anthropometric index (separate models per 
index). Comparative performance was summarized us-
ing incremental explained variance attributable to the 

imputations for descriptive comparison of indices) and 
-

ducted for the overall metabolic score and each do-
main composite score. Sensitivity analyses repeated 
the same modelling framework in participants without 

accepted at the p < 0.05 level.

RESULTS

Participants

A total of 401 participants (242 females, 159 males) 
met the eligibility criteria and were included in the 
analytic cohort. Documented comorbidities included 
hypertension (n = 152), type 2 diabetes mellitus (n 
= 76), Hashimoto thyroiditis (n = 91), and polycys-
tic ovary syndrome (n = 33). Baseline characteristics 

Given the sample size (n = 401), alpha and power 
levels set at 0.05 and 0.80, respectively, multivariable 
linear regression with 3 predictors, post-hoc sensitiv-
ity analysis with G*Power revealed the minimum de-

according to Cohen’s criteria).

Missing data and imputation

291.699, p = 0.134), supporting compatibility with 

an MCAR mechanism, but not excluding MAR. Data 
-

Multiple imputation by chained equations (MICE) with 
predictive mean matching was therefore applied (m = 
200; 30 iterations), using highly correlated variables 
– age, weight, height, WC, fat mass, skeletal muscle 
mass, and visceral fat rating as predictors. All regres-
sion estimates were pooled across imputations using 
Rubin’s rules.

Associations with overall metabolic burden 
(metabolic score)

Associations between each anthropometric index 
and the metabolic composite score are summarized 

adjustment for age and sex, RFM demonstrated the 

metabolic score, followed by WHtR, BMI, and BRI. In 
contrast, ABSI, CI, and WWI did not show statistically 

framework.

0.480 (95% CI [0.269-0.692]), p < 0.001, with total 

0.277 (95% CI [0.175-0.379]), p < 0.001, with total R² 

In the sensitivity subsample excluding participants 
with documented comorbidities (n = 136), the rank-

but estimates were less precise and fewer models 

and/or restricted variance in metabolic burden within 
the healthier subgroup, rather than clear evidence of 

Table 3. Metabolic score regression models (pooled)

Index

95% CI

p-value
R² 

(total)Lower 
bound

Upper
bound

BMI

WHtR

ABSI

BRI

CI

WWI

RFM

Table 2. Descriptive statistics of the whole sample

Index
Mean ± SD/Median 

(IQR)

Missing values

N Percent

Age (years) 0 0%

Weight (kg) 0 0%

BMI (kg/m2) 0 0%

WC (cm)

Body fat (%) 0 0%

VFR 0 0%

FPG (mmol/l)

HbA1c (%)

LDL (mmol/l)

TG (mmol/l)

ALT (U/l) 210

GGT (U/l)
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Fig. 1. Comparison of the incremental variance explained 
-

bolic composite score. Blue = p < 0.001, red = p > 0.05

Table 4. Metabolic score regression models (sensitivity 
analysis)

Index

95% CI

p-value
R² 

(total)
Lower

bound

Upper 

bound

BMI

WHtR

ABSI

BRI

CI

WWI

RFM

Fig. 2. Comparison of the incremental variance explained 
-

bolic composite score (sensitivity analysis).  
Blue = p < 0.001, red = p > 0.05

Associations with glycemic score

Results for the glycemic composite are presented in 

BRI, WHtR, and RFM. In the no-comorbidity sensitiv-
ity subsample, none of the models reached statistical 

-

Table 5. Glycemic score regression models (pooled)

Index

95% CI

p-value
R² 

(total)Lower 
bound

Upper 
bound

BMI

WHtR

ABSI

BRI

CI

WWI

RFM

Fig. 3. Comparison of the incremental variance explained 
-

mic composite score. Blue = p < 0.001, red = p > 0.05

Table 6. Glycemic score regression models  
(sensitivity analysis)

Index

95% CI

p-value
R² 

(total)Lower
bound

Upper 
bound

BMI

WHtR

ABSI

BRI

CI

WWI

RFM

Associations with lipid score

For the lipid composite, RFM again showed the 
largest incremental explained variance, followed by 
WHtR, BRI, and BMI, while ABSI, CI, and WWI did 

sensitivity analysis exhibited the same rank-order 
-
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Table 7. Lipid score regression models (pooled)

Index

95% CI

p-value
R² 

(total)Lower 
bound

Upper 
bound

BMI

WHtR

ABSI

BRI

CI

WWI

RFM

Fig. 4. Comparison of the incremental variance explained 

composite score. Blue = p < 0.001, red = p > 0.05

Table 8. Lipid score regression models  
(sensitivity analysis)

Index

95% CI

p-value
R² 

(total)Lower
bound

Upper 
bound

BMI

WHtR

ABSI

BRI

CI

WWI

RFM

Associations with hepatic score

For the hepatic composite score, the pattern mirrored 
the lipid and overall metabolic composites: RFM 

were observed in the no-comorbidity sensitivity anal-

Table 9. Hepatic score regression models (pooled)

Index

95% CI

p-value
R² 

(total)Lower
bound

Upper 
bound

BMI

WHtR

ABSI

BRI

CI

WWI

RFM

Fig. 5. Comparison of the incremental variance explained 

composite score. Blue = p < 0.001, red = p > 0.05

Table 10. Hepatic score regression models (sensitivity 
analysis)

Index

95% CI

p-value
R² 

(total)Lower 
bound

Upper 
bound

BMI

WHtR

ABSI

BRI

CI

WWI

RFM

Given the clinic-based design and incomplete medi-
-

ed as comparative age- and sex-adjusted associa-

adiposity distribution on laboratory outcomes.

DISCUSSION

-
patient endocrinology cohort of adults with BMI  
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2 compared the association of several an-
thropometric parameters with composite measures 

showed the largest contribution to explained vari-
-

reduced precision in the comorbidity-free subsample 
as a sensitivity check. Other indices – WHtR, BMI, 
and BRI, closely followed RFM in the strength of as-
sociation with the composite laboratory indices. A few 
of them – ABSI, CI, WWI – did not show statistically 

-
geneity by metabolic pathway: BMI demonstrated 

RFM most consistently ranked highest for lipid and 
hepatic composites, paralleling the pattern observed 
for overall metabolic burden. Similar results were 
provided by the sensitivity analysis in each domain.

A biologically plausible explanation for the superior 
performance of RFM and WHtR is that both indices 

-
cumference and stature, thereby capturing aspects 
of central adiposity that are more closely linked to 
insulin resistance [28, 29], atherogenic dyslipidemia 
[30], and hepatic metabolic dysfunction [29] than to-
tal mass alone, which is the main weakness of BMI. 
RFM is explicitly constructed to approximate adipos-
ity using height-to-waist geometry, including the im-
pact of gender, which may increase its ability to track 
adiposity-related biochemical changes in mixed-sex 
clinical samples [15, 31, 32]. Similarly, WHtR is an 
established measure of abdominal size relative to 
body frame and may act as a pragmatic surrogate 
of visceral adiposity [11, 12, 18, 20, 33]. In contrast, 
indices such as ABSI and CI were designed to nor-
malize waist circumference by body size in a man-
ner that may attenuate associations with metabolic 
biomarkers in certain populations, particularly when 
the sample spans wide ranges of age, adiposity, and 

-
tively stronger association of BMI with the glycemic 

-
tal mass with insulin resistance–related glycaemia in 
this clinic population. However, glycemic markers are 
also particularly sensitive to pharmacotherapy and 

-
sociations in patients with comorbidities.

-
thropometric indices emphasizing central adiposity of-
ten demonstrate stronger associations with cardiomet-
abolic risk markers than BMI alone [10, 35], although 
the literature is heterogeneous with respect to which 
“beyond BMI” index performs best and in which popu-

lations [12, 33-35]. Head-to-head comparisons remain 
-
-

analysis contributes to this evidence base by evaluat-
ing multiple indices within a single analytic framework, 

-
cemic, lipid, and hepatic laboratory burden, and by in-
corporating a sensitivity analysis in a subgroup without 
documented comorbidities.

From a clinical perspective, these results suggest 
that simple indices incorporating waist circumference 
– particularly RFM and WHtR – may provide a practi-
cal complement to BMI when clinicians seek anthro-
pometric correlates of overall metabolic laboratory 

endocrinology practice. More importantly, the pres-
-

ity distribution on laboratory outcomes and was not 
designed to assess out-of-sample predictive perfor-

interpreted as comparative explanatory contributions 
-

ite-score approach may also be clinically informative 
because it represents metabolic burden as a continu-
ous trait across biologically grounded domains, po-
tentially capturing gradations of risk that are not well 
represented by binary diagnostic thresholds.

of the study. Firstly, we used a real-world clinical sam-
-

applied. Second, multiple indices were compared di-
rectly in a single analytical framework using hierar-
chical regression models and biologically anchored 
metabolic composite scores, reducing multiplicity 
and increasing statistical power. Another character-
istic of the analysis that contributes to sensitivity is 
the continuous nature of the composite scores – by 
eliminating dichotomous thresholds, they align closer 

multiple imputation with predictive mean matching 
by incorporating only highly correlated predictors to 
ensure robustness, along with the large number of 
imputations.

-

capture causality and a clear direction of association. 
-

alizability to broader populations or other clinical co-
horts. Since some important factors like medication 
(because of missing documentation), physical activ-
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ity or dietary patterns were not adjusted for, residual 
confounding is likely. Although sensitivity analyses 
excluding participants with documented comorbidi-
ties reduce this concern, they do not eliminate con-
founding by unmeasured treatment exposure or sub-

Another important limitation worth mentioning and 
considering in the results interpretation is the missing 
data issue. Missingness in waist circumference was 
substantial (up to 79%), while multiple imputation can 
reduce bias and improve precision under plausible 
assumptions, the MAR assumption is not empirical-

recommend careful interpretation of the results, given 
that the main exposures include waist circumference 
data that is mostly imputed. Comparison with results 
from established and complete datasets is desirable 
in order to verify the validity of our imputation-based 
analysis. Finally, the composite scores apply equal 
weighting to standardized laboratory components. 
Alternative weighting schemes or inclusion of ad-
ditional biomarkers (e.g., HDL, blood pressure, uric 

-
main structures and should be explored.

Future research should focus on including more com-
plete covariate and medication data across age and 

Prospective designs could reveal temporal relation-
ships and predictive capabilities of the anthropomet-
ric indices of interest, along with their association 
with treatment modalities.

CONCLUSION

-
tending an outpatient endocrinology clinic, RFM 
showed the most consistent and largest incremental 
association with overall metabolic laboratory burden, 
with WHtR, BMI, and BRI also demonstrating mean-
ingful associations, whereas ABSI, CI, and WWI con-

the pragmatic clinical value of waist-based indices, 
particularly RFM and WHtR, as complements to BMI 
for describing metabolic laboratory burden in routine 
practice.

Statement of Ethics: This study did not require ethi-

cal approval, as it involved the use of routinely collected, 

completely anonymized data and complied with the local 

regulations governing non-interventional research. Written 

informed consent was not required for this study, as all pa-

tients had previously provided general consent for the use 

during their admission in the outpatient clinic.

study was not supported by any sponsor or funder.

Generative AI and AI-assisted technologies: During 

the preparation of this manuscript, the authors used gen-

language readability and editing (phrasing, clarity, and 

-

tent and take full responsibility for the accuracy and integ-

rity of the work.

REFERENCES

1. Busetto L, Dicker D, Frühbeck G, et al. A new framework for 
the diagnosis, staging and management of obesity in adults. 
Nat Med. 2024 July 5;1–5.

2. -
nostic criteria of clinical obesity. Lancet Diabetes Endocrinol. 
2025 Jan; S2213858724003164.

3. Yao Z, Dardari ZA, Razavi AC, et al. Prevalence of clini-

a cohort study. Lancet Diabetes Endocrinol. 2025 June; 
S2213858725001597.

4. Blundell JE, Dulloo AG, Salvador J, Frühbeck G, on behalf of 
the EASO SAB Working Group on BMI G. Beyond BMI – Phe-
notyping the Obesities. Obes Facts. 2014 Oct 23;7(5):322–8.

5. Romero-Corral A, Somers VK, Sierra-Johnson J, et al. Nor-
mal weight obesity: a risk factor for cardiometabolic dys-
regulation and cardiovascular mortality. Eur Heart J. 2010 
Mar;31(6):737–46.

6. -
bolic Outcomes Among Adults With Abdominal Obesity and 
Normal Body Mass Index. JAMA Netw Open. 2025 Oct 
17;8(10):e2537942.

7. Padwal RS, Pajewski NM, Allison DB, Sharma AM. Using 
the Edmonton obesity staging system to predict mortality in 
a population-representative cohort of people with overweight 
and obesity. CMAJ. 2011 Oct 4;183(14):E1059–66.

8. Dulloo AG, Jacquet J, Solinas G, et al. Body composition phe-
notypes in pathways to obesity and the metabolic syndrome. 
Int J Obes. 2010 Dec;34(S2):S4–17.

9. 

Obes Facts. 2017 July;10(3):207–15.
10. Ashwell M, Gunn P, Gibson S. Waist-to-height ratio is a bet-

ter screening tool than waist circumference and BMI for adult 
cardiometabolic risk factors: systematic review and meta-
analysis: Waist-to-height ratio as a screening tool. Obes Rev. 
2012 Mar;13(3):275–86.

11. Zazai R, Wilms B, Ernst B, et al. Waist Circumference and 
Related Anthropometric Indices Are Associated with Meta-

May;24(5):777–82.
12. Piqueras P, Ballester A, Durá-Gil JV, et al. Anthropometric In-

Risk Factors: A Literature Review. Front Psychol [Internet]. 
2021 July 9 [cited 2025 Jan 4];12. Available from: https://
www.frontiersin.org/journals/psychology/articles/10.3389/
fpsyg.2021.631179/full



9Comparative analysis of anthropometric parameters and their...

13. 
an integrated predictor of cardiometabolic disease morbidity 
and mortality. Sci Rep. 2018 Nov 13;8(1):16753.

14. -
ships between body roundness with body fat and visceral adi-
pose tissue emerging from a new geometrical model. Obesity. 
2013;21(11):2264–71.

15. Woolcott OO, Bergman RN. Relative fat mass (RFM) as a new 

in American adult individuals. Sci Rep. 2018 July 20;8:10980.
16. Krakauer NY, Krakauer JC. A New Body Shape Index Pre-

dicts Mortality Hazard Independently of Body Mass Index. Li 
S, editor. PLoS ONE. 2012 July 18;7(7):e39504.

17. Valdez R, Seidell JC, Ahn YI, Weiss KM. A new index of ab-
dominal adiposity as an indicator of risk for cardiovascular 
disease. A cross-population study. Int J Obes Relat Metab 
Disord. 1993 Feb 1;17(2):77–82.

18. Wu Q, Qin K, Wang Y, Nie H. Anthropometric indices and their 
predictive ability on metabolic syndrome in west China. Int J 
Diabetes Dev Ctries. 2022 Oct 1;42(4):666–82.

19. Wu L, Zhu W, Qiao Q, et al. Novel and traditional anthropo-
metric indices for identifying metabolic syndrome in non-over-
weight/obese adults. Nutr Metab. 2021 Jan 6;18:3.

20. 
their correlation with hypertension, diabetes, and dyslipid-
emia in 35–74 years rural residents in Northwest China. Front 
Endocrinol [Internet]. 2025 June 9 [cited 2025 Nov 21];16. 
Available from: https://www.frontiersin.org/journals/endocri-
nology/articles/10.3389/fendo.2025.1346193/full

21. Al-Shami I, Al-Dalaeen A, Agraib L, Alkhatib B. Obesity indices 
-

ues. Healthc Low-Resour Settings. 2024 Dec 4; DOI:10.4081/
hls.2024.12865

22. Fahami M, Hojati A, Farhangi MA. Body shape index (ABSI), 
body roundness index (BRI) and risk factors of metabolic syn-
drome among overweight and obese adults: a cross-sectional 
study. BMC Endocr Disord. 2024 Oct 28;24(1):230.

23. Eisenmann JC. On the use of a continuous metabolic syn-
drome score in pediatric research. Cardiovasc Diabetol. 2008 
June 5;7(1):17.

24. Okosun IS, Boltri JM, Lyn R, Davis-Smith M. Continuous Met-
abolic Syndrome Risk Score, Body Mass Index Percentile, 

Clin Hypertens. 2010;12(8):636–44.
25. 

validity of a continuous Metabolic Syndrome score as an in-

dicator for Metabolic Syndrome in a national sample of pae-
diatric population – the CASPIAN-III study. Endokrynol Pol. 
2013;64(4):278–84.

26. DeBoer MD, Gurka MJ. Clinical utility of metabolic syndrome 
severity scores: considerations for practitioners. Diabetes 
Metab Syndr Obes. 2017 Feb 20;10:65–72. 

27. Murray JS. Multiple Imputation: A Review of Practical and 

28. 

2 Diabetes. Front Physiol. 2020 Jan 29; 10:1607.
29. Finer N. Medical consequences of obesity. Medicine (Balti-

more). 2015 Feb; 43(2):88–93.
30. Vekic J, Stefanovic A, Zeljkovic A. Obesity and Dyslipidemia: 

A Review of Current Evidence. Curr Obes Rep. 2023 Sept 1; 
12(3):207–22.

31. Hosseini SA, Alipour M, Sarvandian S, et al. Assessment of 

their relationship with cardio-metabolic indices to predict the 
risk of metabolic associated fatty liver disease. BMC Endocr 
Disord. 2024 June 4;24(1):79.

32. -
dictive ability of anthropometric indices for risk of developing 
metabolic syndrome: a cross-sectional study. J Int Med Res. 
2024 Nov 1;52(11):03000605241300017.

33. Mahdavi-Roshan M, Rezazadeh A, Joukar F, et al. Compari-
son of anthropometric indices as predictors of the risk factors 

-
hort Study. Anatol J Cardiol. 2021;25(2):120.

34. Yang H, Zhang M, Nie J, et al. Associations of obesity-related 
indices with prediabetes regression to normoglycemia among 
Chinese middle-aged and older adults: a prospective study. 
Front Nutr [Internet]. 2023 May 19 [cited 2025 Nov 19];10. 
Available from: https://www.frontiersin.org/journals/nutrition/
articles/10.3389/fnut.2023.1075225/full

35. Lee BJ, Yim MH. Comparison of anthropometric and body 
-

tors. Sci Rep. 2021 May 11;11(1):9931.
36. -

-
sity. Acta Medica Bulg. 2026 Jun 16;53(2):22–8. doi:10.2478/
amb-2026-0055

37. Stoynova M, Lilova L, Petrova D, et al. Prevalence of Metabol-
ic Syndrome and its Components in Patients with Controlled 
Graves’ Disease. Acta Medica Bulg. 2024 Mar 16;51(1):17–
24. doi:10.2478/amb-2024-0003


