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Abstract. Background and aim: Body mass index (BMI) is the cornerstone of obesity
classification. As the prevalence of obesity as a chronic disease increases, more precise
stratification tools are being explored. The aim of this study is to compare established and
alternative anthropometric parameters in terms of their association with metabolic health
indices in adults with BMI =z 25 kg/m?. Materials and methods: Cross-sectional analysis
was performed on first-visit assessment data of 401 individuals from an outpatient endo-
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 (Cl), Weight-adjusted Waist Index (WWI),
and Relative Fat Mass (RFM). The outcomes of interest were metabolic laboratory indi-
ces of glycemia (FPG, HbA1c), lipid metabolism (LDL, TG), and hepatic enzymes (ALT,
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
anthropometric index and the composite scores. Incremental explained variance (AR2)
and regression coefficients were compared. Results: The strongest association with the
overall metabolic composite was shown by RFM (B8 = 0.480, 95% CI = 0.269-0.692; AR? =
0.085), followed by WHI{R (AR? = 0.080), BMI (AR?= 0.076), and BRI (AR?= 0.076). ABSI,
Cl, and WWI showed no significant incremental contributions. BMI showed the largest AR?
forthe glycemic composite, whereas RFM ranked highest for lipid and hepatic composites.
Conclusion: Waist-based indices — particularly RFM and WHtR — were most consistent-
ly associated with composite metabolic laboratory burden in routine outpatient practice.
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INTRODUCTION

besity is a major clinical and public health
Oburden with increasing prevalence. As phar-

macological and surgical treatment methods
develop rapidly, the need for a more precise risk
stratification beyond weight alone receives growing
attention [1-3]. Body mass index (BMI), the founda-
tional classification tool, does not capture regional
adiposity or body composition accurately, as well as
the respective nuance in metabolic risk. Consequent-
ly, individuals with a BMI lower than 30 kg/m? may
exhibit adverse glycemic, lipid, or hepatic laboratory
profiles comparable to or worse than those observed
in individuals with a BMI above the classical cut-off
for defining obesity [4-6]. This heterogeneity moti-
vates the search for accessible surrogate markers of
metabolic risk among adults with BMI = 25 kg/m?, as
well as the development of alternative staging sys-
tems and stratification approaches [1, 2, 7-9].

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 (Cl), 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
remain insufficiently clarified in real-world clinical co-
horts of adults with BMI = 25 kg/m? [18-22].

In a cross-sectional outpatient endocrinology co-
hort, we examined the associations between BMI,
WHILR, and selected alternative anthropometric indi-
ces (ABSI, BRI, CI, WWI, and RFM) and metabolic
laboratory burden summarized using domain-spe-
cific (glycemic, lipid, hepatic) and overall composite
scores. We further compared indices with respect to
incremental explained variance (AR?) beyond age
and sex. We hypothesized that indices reflecting cen-
tral adiposity/body shape would demonstrate stron-
ger associations with composite metabolic burden
than BMI alone.

MATERIALS AND METHODS

Study design and setting

This cross-sectional study used routinely collected
clinical data from an outpatient endocrinology clinic.

Records were extracted for first-visit assessments
performed between January 2017 and July 2024.

Participants

Eligible participants were adults (= 18 years old)
with BMI = 25 kg/m?, not pregnant, and with re-
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-
erides (TG), alanine aminotransferase (ALT), and
gamma-glutamyl transferase (GGT). Composite
scores were calculated to increase statistical power
and reduce random measurement noise, as well
as false positive rate inflation from multiple test-
ing. From a biological perspective, the composite
scores were constructed to summarize correlated
biochemical domains and overall metabolic burden.
The glycemic composite score reflects insulin re-
sistance and glycemic control (FPG, HbA1c). The
lipid composite score reflects atherogenic dyslip-
idemia (LDL-C, TG). The hepatic composite score
reflects hepatocellular injury and cholestatic/oxida-
tive stress pathways often accompanying steatotic
liver disease (ALT, GGT). The combination of the
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
precisely. Other scientific teams have applied the
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 (Cl), Weight-
Adjusted Waist Index (WW]I), and Relative Fat Mass
(RFM). The respective formulas used for the calcu-
lation of those parameters are presented in Table
1 [13-17]. Height and waist circumference were
converted to meters for index computation where
required (ABSI, BRI, Cl), 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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Table 1. Anthropometric indices

Index

Calculation

Body Mass Index (BMI)

= kg/m2

Waist-to-Height Ratio (WHtR)

=WC (cm)/height (cm)

Relative Fat Mass (RFM)

=64 - (20 x (height/waist)) + (12 x sex)

Body Roundness Index (BRI)

= 364.2- 3655 J 1— 2= ¢ height (m)?

Weight-adjusted Waist Index (WWI)

= WC (cm)/y/ weight(kg)

A Body Shape Index (ABSI)

= WC(m)/BMI22 x height (m)2

Conicity Index (CI)

= WC (m)/0.109y/weight(kg) /height(m)

For RFM, sex is coded 0 for male, 1 for female.

Covariates

Age and sex were pre-specified covariates based on
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-
sessed using bioelectrical impedance analysis (Tani-
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-
tine practice rather than causal effects. Including par-
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-
fluence metabolic laboratory markers and may corre-
late with adiposity distribution. Medication data were
incomplete and could not be reliably modelled. There-
fore, residual confounding is likely. To examine robust-
ness, we performed sensitivity analyses restricting to
participants without documented comorbidities, which
reduces (but does not eliminate) the potential influence
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
(described in Table 2), multiple imputation by chained
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
and zTG; hepatic: zALT and zGGT), and the overall
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
each imputed dataset. Regression coefficients and
model statistics were pooled across imputations us-
ing Rubin’s rules [27].

Statistical analysis

The statistical software used for analysis was IBM
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-
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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
anthropometric index (mean AR? — summarized across
imputations for descriptive comparison of indices) and
the respective pooled B-indices. Analyses were con-
ducted for the overall metabolic score and each do-
main composite score. Sensitivity analyses repeated
the same modelling framework in participants without
documented comorbidities. Statistical significance was
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
are presented in Table 2.

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-
tectable effect size was f2 = 0.03 (a small effect size
according to Cohen'’s criteria).

Missing data and imputation

Little’s MCAR test was non-significant (x> (266) =
291.699, p = 0.134), supporting compatibility with

Table 2. Descriptive statistics of the whole sample

an MCAR mechanism, but not excluding MAR. Data
missingness ranged from 16% to 78.8%. The propor-
tion of missingness by variable is reported in Table 2.
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
in Table 3 and graphically represented in Fig. 1. After
adjustment for age and sex, RFM demonstrated the
largest incremental explained variance (AR?) in the
metabolic score, followed by WHtR, BMI, and BRI. In
contrast, ABSI, Cl, and WWI did not show statistically
significant incremental contributions in this modelling
framework.

For RFM, the pooled Block 2 coefficient was B =
0.480 (95% CI [0.269-0.692]), p < 0.001, with total
R? = 0.285 and AR? = 0.085 attributable to RFM. For
WHIR, B = 0.289 (95% CI [0.164-0.414]), p < 0.001,
R? = 0.280, and AR? = 0.080, while BMI had a B =
0.277 (95% CI[0.175-0.379]), p < 0.001, with total R?
= 0.276 and AR? = 0.076.

In the sensitivity subsample excluding participants
with documented comorbidities (n = 136), the rank-
ing of indices by AR? had a similar pattern (Fig. 2),
but estimates were less precise and fewer models
reached statistical significance (presented in Table
4). This phenomenon is likely due to reduced power
and/or restricted variance in metabolic burden within
the healthier subgroup, rather than clear evidence of

Index Mean £ SD/Median Missing values
(IGR) N Percent a lack of effect.
Age (years) 39.68 + 10.11 0 0% ) )
Weight (kg) 1007122082 0 % Table 3. Metabolic score regression models (pooled)
BMI (kg/m? 35.10 £ 6.80 0 0%
WC (cm) 110.28 + 14.90 316 78.8% 95% CI -
Body fat (%) 36.10 £ 7.46 0 0% Index | B | Lower | Upper | pvalue | o | AR
VFR 11.85 + 6,32 0 0% bound | bound
FPG (mmoll/l) 5.56 (5.10-6.10) 65 16.2% BMI | 0.277 | 0.175 0.379 | 0.000 0.276 0.076
HbA1c (%) 5.54 (5.20-6.10) 219 54.6% WHtR | 0.289 | 0.164 0.414 | 0.000 0.280 | 0.080
LDL (mmolfl) | 347 (2.30-4.00) 192 47.3% ABSI [-0.019| -0.210 | 0.171 | 0.843 | 0205 | 0.005
TG (mmol) | 1.68 (1.10-2.50) 229 57.1% BRI | 0280 | 0.157 | 0404 | 0.000 | 0275 | 0.076
ALT (UN) 30 (19-48) 210 52.4%
GGT (Ul 31 (20-53) 3 60.6% Cl |0.133| -0.063 0.329 | 0.184 0.218 | 0.018
Values are presented as mean + SD or median (IQR), depending on WWI | 0.156 | 0.023 | 0.335 | 0.087 0225 | 0.025
the normality of distribution. RFM | 0.480 | 0.269 0.692 | 0.000 0.285 | 0.085
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Fig. 1. Comparison of the incremental variance explained
(AR?) by each anthropometric index regarding the meta-
bolic composite score. Blue = p < 0.001, red = p > 0.05

Table 4. Metabolic score regression models (sensitivity

analysis)
95% Cl
Rz
Index | B Lower | Upper | p-value AR?
(total)
bound | bound

BMI | 0.350 | 0.120 | 0.580 | 0.003 | 0.220 | 0.074
WHtR | 0.309 | 0.074 | 0.544 | 0.010 | 0.218 | 0.071
ABSI | -0.013 | -0.314 | 0.288 | 0.932 | 0.157 | 0.010
BRI | 0.313 | 0.070 | 0.557 | 0.012 | 0.214 | 0.068
Cl | 0116 | -0.183 | 0414 | 0.447 | 0.165 | 0.019
WWI | 0.157 | -0.117 | 0.431 0.260 | 0.175 | 0.029
RFM | 0.482 | 0.121 0.842 | 0.009 | 0.223 | 0.076
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Fig. 2. Comparison of the incremental variance explained
(AR?) by each anthropometric index regarding the meta-
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
Table 5 and visualized in Fig. 3. BMI demonstrated
the largest AR? for the glycemic score, followed by
BRI, WHtR, and RFM. In the no-comorbidity sensitiv-
ity subsample, none of the models reached statistical
significance, with wider confidence intervals consis-
tent with reduced power (Table 6).

Table 5. Glycemic score regression models (pooled)

95% CI R:
Index B Lower | Upper | p-value (total) AR?
bound | bound

BMI | 0.170 | 0.074 | 0.265 | 0.001 | 0.236 | 0.029
WHtR | 0.143 | 0.032 | 0253 | 0.012 | 0.229 | 0.020
ABS| |-0.027| -0.182 | 0.128 | 0.735 | 0.212 | 0.003
BRI | 0.144 | 0.033 | 0.255 | 0.011 0.229 | 0.020
Cl |0058| -0.099 | 0215 | 0.466 | 0.214 | 0.005
WWI | 0.039 | -0.107 | 0.185 | 0.601 | 0.213 | 0.004
RFM | 0219 | 0.038 | 0.400 | 0.018 | 0.227 | 0.018
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Fig. 3. Comparison of the incremental variance explained
(AR?) by each anthropometric index regarding the glyce-
mic composite score. Blue = p < 0.001, red = p > 0.05

Table 6. Glycemic score regression models
(sensitivity analysis)

95% Cl -
Index B Lower | Upper | p-value (total) AR?
bound | bound

BMI | 0.050 | -0.083 | 0.182 0.461 0.172 | 0.006
WHtR | 0.012 | -0.120 | 0.143 0.861 0.170 | 0.003
ABSI |-0.036| -0.188 | 0.117 0.646 | 0.175 | 0.008
BRI | 0.013 | -0.124 | 0.149 0.857 | 0.170 | 0.003
Cl |-0.008| -0.159 | 0.142 0913 | 0.173 | 0.005
WWI |-0.028| -0.168 | 0.111 0.692 | 0.174 | 0.007
RFM | 0.017 | -0.182 | 0.215 0.870 | 0.170 | 0.003

Associations with lipid score

For the lipid composite, RFM again showed the
largest incremental explained variance, followed by
WHtR, BRI, and BMI, while ABSI, Cl, and WWI did
not contribute significantly (Table 7, Figure 4). The
sensitivity analysis exhibited the same rank-order
pattern, although statistical significance was attenu-
ated (Table 8).
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Table 7. Lipid score regression models (pooled)

Table 9. Hepatic score regression models (pooled)

95% Cl R
Index B Lower | Upper | p-value (total) AR?
bound | bound

BMI | 0.151 | 0.027 0.275 0.017 0.108 | 0.024
WHtR | 0.173 | 0.027 0.319 0.020 0.115 | 0.031
ABS| | 0.028 | -0.168 | 0.224 0.778 0.090 | 0.006
BRI | 0.166 | 0.022 0.310 0.024 0.113 | 0.029
Cl | 015 | -0.087 | 0.317 0.263 0.099 | 0.015
Wwi | 0.113 | -0.071 | 0.298 0.229 0.100 | 0.017
RFM | 0.294 | 0.051 0.536 0.018 0.118 | 0.034

g

-3
E

| I I I I
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Fig. 4. Comparison of the incremental variance explained
(AR?) by each anthropometric index regarding the lipid
composite score. Blue = p <0.001, red = p > 0.05

95% CI N
Index B Lower Upper p-value (total) AR?
bound | bound

BMI | 0.251| 0145 | 0357 | 0.000 | 0.227 | 0.063
WHtR | 0.261 | 0.130 | 0.391 0.000 | 0.230 | 0.066
ABS| |-0.038| -0.234 | 0.159 | 0.708 | 0.170 | 0.006
BRI | 0253 | 0.124 | 0.382 | 0.000 | 0.226 | 0.062
cl |0.100| -0.103 | 0.302 | 0.333 | 0.177 | 0.013
WWI | 0.138 | -0.046 | 0322 | 0.142 | 0.185 | 0.022
RFM | 0.434| 0216 | 0.652 | 0.000 | 0.234 | 0.070
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Fig. 5. Comparison of the incremental variance explained
(AR?) by each anthropometric index regarding the hepatic
composite score. Blue = p <0.001, red = p > 0.05

Table 10. Hepatic score regression models (sensitivity

Table 8. Lipid score regression models analysis)
(sensitivity analysis) 95% CI .

95% ClI N Index | B | Lower | Upper | pvalue | o | AR’

Index | B Lower | Upper | p-value (total) AR? bound | bound
bound | bound BMI [0.353| 0.102 | 0.604 | 0.006 | 0.215 | 0.065
BMI [0.199 | 0.076 | 0474 | 0.156 | 0.092 | 0.023 WHIR | 0.307 | 0.046 | 0569 | 0.021 | 0.214 | 0.062
WHR | 0.196 | -0.073 | 0465 | 0.154 | 0.098 | 0.029 ABSI |-0.037| -0.369 | 029 | 0.829 | 0.163 | 0.011
ABSI |0.044 | 0282 | 0370 | 0791 | 0.080 | 0.011 BRI |0317] 0.045 | 0588 | 0022 | 0213 | 0.060
BRI |0.190 | -0.089 | 0.469 | 0.183 | 0.095 | 0.026 Cl_|0089] -0.241 | 0420 | 0595 | 0.167 | 0.015
cl | 0119 | -0.198 | 0437 | 0460 | 0087 | 0018 WWi | 0149 | 0.154 | 0453 | 0.333 | 0477 | 0025
WWI | 0124 | 0170 | 0419 | 0.828 | 0.089 | 0.020 RFM_|0465] 0063 | 0.866 | 0023 | 0214 | 0062

RFM (0329 | -0.081 | 0.739 | 0.116 | 0.104 | 0.035

Associations with hepatic score

For the hepatic composite score, the pattern mirrored
the lipid and overall metabolic composites: RFM
showed the largest AR?, followed by WHtR, BMI, and
BRI, while ABSI, Cl, and WWI were not significant
contributors (Table 9, Figure 5). Similar tendencies
were observed in the no-comorbidity sensitivity anal-
ysis (Table 10).

Given the clinic-based design and incomplete medi-
cation information, these findings should be interpret-
ed as comparative age- and sex-adjusted associa-
tions in routine practice rather than causal effects of
adiposity distribution on laboratory outcomes.

DISCUSSION

This cross-sectional analysis on a real-world out-
patient endocrinology cohort of adults with BMI
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= 25 kg/m? compared the association of several an-
thropometric parameters with composite measures
of metabolic health. Our main finding was that RFM
showed the largest contribution to explained vari-
ance (AR?) for the general metabolic score when ad-
justed for age and sex. The pattern was similar, with
reduced precision in the comorbidity-free subsample
as a sensitivity check. Other indices — WHIR, 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
significant contributions in this modelling framework.
Domain-specific analyses further indicated hetero-
geneity by metabolic pathway: BMI demonstrated
the largest AR? for the glycemic composite, whereas
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 WHI{R is that both indices
directly reflect the relationship between waist cir-
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, WHIR 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 Cl 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
treatment exposure [18, 20, 32-34]. The compara-
tively stronger association of BMI with the glycemic
composite score may reflect a closer coupling of to-
tal mass with insulin resistance—related glycaemia in
this clinic population. However, glycemic markers are
also particularly sensitive to pharmacotherapy and
disease duration, which could influence observed as-
sociations in patients with comorbidities.

Our findings align with the broader concept that an-
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
limited, and differences in covariate adjustment, out-
come definitions, and sampling frames complicate di-
rect comparison across studies [36, 37]. The present
analysis contributes to this evidence base by evaluat-
ing multiple indices within a single analytic framework,
using standardized domain composites to reflect gly-
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
burden in adults with BMI =25 kg/m? seen in routine
endocrinology practice. More importantly, the pres-
ent study does not establish causal effects of adipos-
ity distribution on laboratory outcomes and was not
designed to assess out-of-sample predictive perfor-
mance. Rather, the observed AR? rankings should be
interpreted as comparative explanatory contributions
within age- and sex-adjusted models. The compos-
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.

There are several strengths that support the validity
of the study. Firstly, we used a real-world clinical sam-
ple that included individuals with different obesity-re-
lated comorbidities. That reflects the regular context
where anthropometric stratification is most frequently
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
to biology, accenting different degrees of metabolic
burden. Third, missing data were addressed using
multiple imputation with predictive mean matching
by incorporating only highly correlated predictors to
ensure robustness, along with the large number of
imputations.

The limitations of this study should also be empha-
sized — first, the cross-sectional design that cannot
capture causality and a clear direction of association.
The single-center outpatient setting also limits gener-
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-
clinical disease and may introduce selection effects.
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-
ly verifiable, and misspecification of the imputation
model could influence derived indices. Therefore, we
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
acid, inflammatory markers) could yield different do-
main structures and should be explored.

Future research should focus on including more com-
plete covariate and medication data across age and
sex strata, as well as different obesity phenotypes.
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

In conclusion, among adults with BMI 225 kg/m? at-
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, Cl, and WWI con-
tributed little in this setting. These findings support
the pragmatic clinical value of waist-based indices,
particularly RFM and WHtR, as complements to BMI
for describing metabolic laboratory burden in routine
practice.
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