Advances in Consumer Research

https://acr-journal.com/

Volume-2 | Issue-6 | Dec: 2025

Original Researcher Article
A Statistical Optimization Approach to Body Mass Index Based on the
Anthropometric Measurements

Monika Sharmal, Dr. Shashi Pathak!
"Department of Home Science Shri Khushal Das University-Hanumangar
Email ID : monikaskdu@gmail.com

ABSTRACT

Anthropometric indicators are commonly applied in health and nutritional assessments because
they are simple, economical, and non-invasive. Among these indicators, Body Mass Index
(BMI) is extensively used to evaluate obesity and nutritional status; however, it provides limited
information regarding body fat distribution and composition. As a result, exclusive dependence
on BMI may lead to misclassification in certain individuals. To address this limitation, recent
research has emphasized the optimization of BMI prediction through the incorporation of
multiple anthropometric measurements. This study examines the combined role of body weight,
waist circumference, hip circumference, and neck circumference in enhancing BMI estimation.
Advanced statistical optimization techniques, particularly Response Surface Methodology
(RSM), provide a robust framework for analysing the simultaneous effects of these variables
while capturing nonlinear relationships and interaction effects. The optimized models have
potential applications in refining obesity classification, improving risk assessment, and
supporting public health and clinical decision-making. This approach highlights the value of
multivariate anthropometric optimization in overcoming the inherent limitations of traditional

[BMI-based evaluations...
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1. INTRODUCTION:

Body Mass Index (BMI) is widely employed as a practical
anthropometric index for assessing nutritional status and
categorizing individuals as underweight, normal weight,
overweight, or obese in both clinical practice and
population-based studies. BMI is computed as the ratio of
body mass in kilograms to the square of height in meters
(kg/m?) and is endorsed by the World Health Organization
as a standard indicator for large-scale obesity surveillance.
Despite its extensive application, BMI does not directly
quantify body fat content or regional fat distribution and
may inaccurately classify individuals with elevated
muscle mass or atypical fat deposition patterns (1,2).
Consequently, increasing attention has been directed
toward improving BMI prediction and interpretation
through the inclusion of additional anthropometric
variables such as body weight, waist circumference (WC),
hip circumference (HC), and neck circumference (NC).
These measures capture distinct aspects of central,
peripheral, and upper-body adiposity and, when integrated
within statistical or optimization frameworks, can
enhance BMI estimation and obesity classification. This
literature review consolidates existing research on the
contribution and optimization of these anthropometric
parameters for BMI prediction. Body weight represents a
core anthropometric variable and constitutes a direct input
in BMI calculation. Although body weight alone cannot
differentiate between adipose and lean tissue, it remains
strongly associated with BMI across diverse populations.
Numerous investigations have reported robust
correlations between body weight and BMI, underscoring
its central role as a primary predictor in anthropometric
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optimization models (3). Waist circumference is widely
recognized as a surrogate marker of abdominal obesity
and visceral fat accumulation. A substantial body of
evidence indicates that WC exhibits a strong positive
association with BMI and, in many cases, provides
superior prediction of cardiometabolic risk compared to
BMI alone (4,5). This is largely attributed to the fact that
abdominal fat deposition is more closely linked to insulin
resistance, cardiovascular disease, and metabolic
syndrome than overall adiposity (6). Hip circumference
reflects gluteofemoral fat storage and underlying muscle
mass, which have been associated with favourable
metabolic profiles. HC shows strong correlations with
BMI and contributes to improved BMI estimation when
incorporated into multivariate regression models
alongside WC and body weight (7). Several studies have
demonstrated that HC independently enhances obesity
prediction and strengthens the performance of
anthropometric models [8].Neck circumference has
recently gained prominence as a practical and reliable
indicator of upper-body subcutaneous fat. Unlike WC, NC
is minimally influenced by respiratory movement or
postprandial abdominal distension and can be easily
measured in routine clinical settings. Empirical studies
report significant positive relationships between NC and
BMI, WC, and total body fat percentage (8,9). Moreover,
NC has been associated with cardiometabolic risk factors
independently of BMI, indicating its potential added value
in optimized anthropometric prediction models (10). Both
cross-sectional and longitudinal studies consistently
confirm a strong linear relationship between body weight
and BMI. Regression-based analyses frequently identify
weight as the dominant contributor to BMI variability,
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although normalization by height remains essential for
standardization across individuals and populations (3,11).
Similarly, WC and HC demonstrate strong positive
correlations with BMI across different age groups and
ethnic backgrounds. Reported correlation coefficients
typically range from 0.75 to 0.85 for WC and from 0.80
to 0.88 for HC, reinforcing their suitability as surrogate
predictors of BMI when direct height or weight
measurements are unavailable (7,12). Evidence also
indicates that NC increases progressively across BMI
categories, with overweight and obese individuals
exhibiting significantly larger NC values than those of
normal weight (8,13). Multivariate analyses have shown
that NC independently predicts BMI even after adjusting
for WC and HC, highlighting its unique contribution to
anthropometric modelling (8,9).

Response Surface Methodology (RSM), first introduced
by Box and Wilson (14), comprises a set of statistical and
mathematical techniques designed to model and optimize
responses influenced by multiple independent variables.
RSM facilitates the identification of optimal predictor
combinations by explicitly accounting for interaction and
nonlinear effects. Given the complex and multivariate
nature of anthropometric influences on BMI, RSM offers
a promising approach for optimizing predictive
relationships between anthropometric inputs and BMI as
the response variable. Conventional anthropometric
studies have predominantly employed linear and multiple
regression techniques to estimate BMI or classify obesity
status based on anthropometric measures (3). While these
methods provide clear interpretability, they are often
limited in their ability to capture nonlinear trends and
interaction effects among variables such as WC, HC, and
NC. More advanced techniques, including polynomial
regression and machine learning algorithms, have been
investigated to enhance predictive accuracy (15).
However, such methods may be prone to overfitting or
reduced interpretability. In contrast, RSM provides an
effective compromise by incorporating quadratic and
interaction terms within a structured experimental design
framework. RSM (16-18) has been widely applied in
biological research to optimize systems governed by
multiple interacting factors, including enzyme kinetics,
pharmaceutical formulation, and biochemical process
optimization (19-21). In food and nutrition sciences,
RSM has proven effective in optimizing nutrient
composition and product quality, demonstrating its ability
to model biological variability and complex response
behaviour (22-25).

Although direct applications of RSM to anthropometric
BMI prediction remain limited, several studies have
successfully employed RSM to optimize health-related
outcomes influenced by multiple physiological
parameters. These investigations underscore the
methodological suitability of RSM for adaptation to
anthropometric modeling and support its potential
application in optimizing BMI prediction using multiple
body measurements.

The present study successfully applied Response Surface
Methodology (RSM) to investigate and model the
combined influence of key anthropometric parameters—
body weight, waist circumference, hip circumference, and

neck circumference—on Body Mass Index (BMI). The
coded experimental design comprising 29 runs,

2. Material and Method

The present investigation was conducted on college going
girl students’ participants different aged, studying in
Mata Sundri Girls College, Mansa District, Punjab.
Participants were randomly selected. Data were obtained
from individuals attending various instrument used in
Anthropometry parameters study. In total, five variables
were recorded, comprising four input parameters and
One output parameter. The study employed four
primary anthropometric variables—body weight,
neck circumference, Waist and Hip circumference as
input parameters to predict a range of anthropometric
dimensions. The measurement units of all input variables
are presented in Table 1.

Table-1

Weight (Kg) A =(35-| B= (39- | C=(43-
38) 42) 46)

Waist J= (24- | K=(27- L= (30-

Circumference | 26) 29) 32)

(in Cm)

Hip R=(27- S=(29- T=(31-

Cicumference 28) 30) 32)

(in Cm)

Neck 11 12 13

Circumference

(in Cm)

3. Result and Discussion

Table 2 shows the coded experimental design matrix
alongside the measured Body Mass Index (BMI) values,
created to examine the combined effects of key
anthropometric factors: weight, waist circumference, hip
circumference, and neck circumference. The design
includes 29 experimental runs, each representing a distinct
combination of the input variables. The independent
variables are expressed in coded form to standardize the
data and support statistical analysis, following standard
Response Surface Methodology (RSM) procedures.
Several center-point runs (Runs 3, 6, 11, 22, and 25),
where all inputs are set to zero, were included to assess
experimental error and enhance the reliability of the
model.

The dependent variable, BMI (kg/m?), shows values
ranging from 13.81 to 20.04, reflecting variations
resulting from different combinations of anthropometric
measurements. Higher BMI values are generally observed
when weight and waist circumference are at their upper
coded levels, indicating their major influence on BMI. Hip
and neck measurements also affect BMI, mainly through
their interactions with other variables rather than as
individual factors. Conversely, lower BMI values occur
when weight and waist circumference are at lower coded
levels, showing a clear negative relationship under these
conditions.
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Measurements .

Table-2 Data Collected

A- 14.61 |1 | 14.61 | 898 | 0.00
Run Weight Waist Hip Xelg Neck BM 03
1 1 1 0 i 5
B- | To001 |1 |olooiPooo 098
2 -1 0 -1 Waist ) 0 0l 16.71 06 03
3 0 0 0 C- | ¢0.151 |1 | O0{1p120.09 | 0.76
Hip 9 9 23 26
4 1 -1 0 Circy ( 17.97
.
5 -1 0 0 ] 17.51
D- 432 432,266 | 0-11
6 0 0 0 Neckl @ 20.04 63
7 0 1 0 Table-B ]Depict the Anovi ers%l%ts The Modgl F-value of
8 1 0 0 2.93 i‘npllies the model |i ﬁl 1ﬁcant There is only a
4.17%l| chance that an F-Value this large coulld occur due
9 -1 -1 0 to noige() P-values less than @300 indicate model terms
are-stgirtieant—tn-this-ease-Ats-astentfieant model term.
10 -1 1 0 Valueg 8reater than 0.1000 @fficate the model terms are
not signiticant. 1T therc| arc inany insignijicant model
11 0 0 0 terms (not counting thos¢ Ileqa ed to support hierarchy),
12 1 0 0 model|rqduction may imprqyezgour model.
Residuals vs. Run
13 0 1 1 ]
14 0 1 -1
15 -1 0 1 g |
16 0 0 1 3
&
3
7 K R B Y. AL
3 'L
18 0 0 -1 =
19 0 0 -1 .
20 1 0 -1
21 0 _1 1 » 354581
22 0 0 0 T L T T ¥ T I T
23 0 0 1 . L Shmtebe
24 0 1 0 Flgur(-} Residual plot 14.84
The ﬁé,ulp-l tHustrates-aresidual-versusrun plOt for the
25 0 0 0 regres§ifn model developbd2 to predict | BMI from
anthropometric parametefs gdlng weight, waist, hip,
26 0 -l 0 and nefll measuremen glf esiduals rdpresent the
27 0 1 1 differ¢nge between the ¢ bfgr(ygd BMI valugs and those
predidted by the model] In this plot_the rgsiduals have
28 1 0 1 been externally studentizd®, hjeaning they are scaled by
arr—estmrate ot thenr—stqndard —deviatromr—that does not
ad 1 M ] ] ] M . 1 d
29 -1 0 0 includg the current observdtibh, which helps to clearly
identify potential outliers or extreme values. The
Table-3 ANOVA Result horizontal red lines at approximately £3.54581 denote the
Sour | Sum d | Mea | F- p- critical limits, beyond which residuals may indicate
ce of f | n valu | valu influential points that could disproportionately affect the
Squa Squa | e e model. Most residuals fall within these boundaries,
res re suggesting that the model predictions are robust and that
no significant outliers are present.
Mode | 19.08 |4 | 4.77 | 293 | 0.04 | signific
1 17 ant
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Figure-2

The figure-2 displays a histogram of Body Mass Index
(BMI) values derived from the experimental runs. BMI
values are plotted along the horizontal axis, while the
vertical axis shows the number of observations within
each class interval. This graphical representation allows
evaluation of the distribution pattern, data dispersion,
and overall balance of the BMI results. The BMI values
span from approximately 13.81 to 20.04, demonstrating a
moderate level of variation among the experimental
conditions. Most observations are concentrated within the
intermediate BMI range, particularly between 16.3 and
17.5, indicating that most of the experimental parameter
combinations yield BMI values close to this range. The
number of observations decreases progressively toward
both the lower and upper ends of the distribution,
suggesting limited occurrences of extreme BMI values.
Overall, the distribution appears approximately
symmetric, with no pronounced skewness, which
indicates consistency and reliability in the experimental
dataset.

BMI
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Figure-3.6 Graph between Hip & Neck

The 3-D graph from 3.1to 3.6 describe two parametric
effects with one output in Response surface methodology
(26-29). Figure 3.1 illustrates a smooth and systematic
change in BMI across the studied parameter space,
indicating a consistent relationship between the selected
inputs and the response. BMI increases distinctly with
rising body weight, highlighting weight as the most
influential parameter in BMI determination. Hip
circumference also affects BMI; however, the
comparatively gentler slope along this axis suggests a
weaker contribution than that of weight. The slight
curvature of the surface reflects interaction effects
between weight and hip circumference. The uniform and
continuous nature of the surface confirms the robustness
of the developed model and its capability to provide
reliable predictions. Figure 3.2 depicts a steady rise in
BMI with increasing body weight, reinforcing the
dominant role of weight in influencing BMI. Waist
circumference also contributes noticeably, with larger
waist values leading to higher BMI levels. Nevertheless,
the steeper gradient observed along the weight axis
compared to the waist axis indicates that weight exerts a
stronger individual effect on BMI than waist
circumference. Figure 3.3 presents a clear upward trend in
BMI as body weight increases, once again confirming
weight as the primary driver of BMI variation. In contrast,
neck circumference shows a relatively moderate effect, as
evidenced by the gentler slope in its direction. This
suggests that variations in neck circumference alone result
in smaller changes in BMTI when compared with changes

C: Hip Circum. (cm)

in body weight. Figure 3.4 shows relatively mild slopes
along both the waist and hip directions, indicating that
changes in these parameters produce moderate variations
in BMI when compared with weight-driven effects
observed in other interaction plots. An increase in waist
circumference leads to a gradual elevation in BMI,
reflecting the role of central fat accumulation. Hip
circumference also exhibits a positive influence, although
its impact appears less pronounced. Figure 3.5
demonstrates an overall increase in BMI with rising neck
and waist circumferences. Among the two, waist
circumference has a more substantial influence, as
indicated by the steeper gradient along the waist axis,
confirming its stronger association with BMI. Neck
circumference also contributes to BMI variation, though
its effect remains comparatively modest. Figure 3.6
illustrates a gradual change in BMI across the range of
neck and hip circumferences. BMI increases moderately
with increasing hip circumference, as reflected by the
gentle slope along this axis. Neck circumference also
influences BMI; however, its individual contribution is
relatively limited when compared with waist-related
effects observed in other response surface plots. The
table-4 depict optimize result as per data avialable row
represents anthropometric measurements of an
individual (or a category of individuals) and the
corresponding Body Mass Index (BMI). Here is a clear
explanation of each parameter and how the BMI value is
interpreted.Establish  relationships ~ between  body
measurements and BMI.  Identify  underweight
populations. Develop predictive or optimization models
for BMI based on anthropometric parameters. The low
BMI (16.325) suggests that the individual has insufficient
body mass relative to height. The waist and hip
measurements are relatively small, supporting the
classification of a lean body type. A neck circumference
of 11 inches is also indicative of low upper-body fat.

Table-4 Optimization Results

Numbe | Weigh | Wais | Hip Nec | BMI

r t t Circum | k

1 39-42 | 30- 29-30 11 16.32
32 5

4. Conclusion

The observed BMI values varied between 13.81 and 20.04
kg/m?, demonstrating a clear spread in the response due to
different combinations of anthropometric inputs. The
ANOVA results verified that the proposed regression
model is statistically acceptable, as reflected by a Model
F-value of 2.93 and a low probability of 4.17% that such
a value could result from random variation. Among the
considered factors, body weight was identified as the most
influential variable affecting BMI, followed by waist
circumference. In contrast, hip and neck circumferences
primarily affected BMI through their interactions with
other parameters rather than as strong independent
contributors. Evaluation of residual plots and BMI
distribution histograms confirmed the stability and
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reliability of the dataset, with no abnormal or influential
observations detected.

The response surface and interaction analyses showed
smooth and well-defined patterns, indicating a dependable
relationship between the selected inputs and BMI. In all
interaction cases, BMI increased progressively with
higher body weight, reaffirming its dominant influence.
Waist circumference demonstrated a stronger association
with BMI compared to hip and neck measurements,
emphasizing the role of abdominal fat accumulation.
Optimization analysis further highlighted the practical
value of the developed model by identifying
anthropometric conditions linked to low BMI. The
optimized BMI of 16.325 corresponds to an underweight
classification, supported by relatively small waist, hip,
and neck dimensions, which are characteristic of a lean
body structure. Overall, the study clearly quantifies the
relationships between body measurements and BMI,
confirms the suitability of RSM for BMI prediction and
optimization, and offers a reliable approach for detecting
underweight populations wusing easily measurable
anthropometric parameters.

.. REFERENCES
1. Obesity : preventing and managing the global
epidemic : report of a WHO consultation [Internet].
[cited 2025 Dec 21]. Available from:
https://iris.who.int/items/933e09aa-6419-46¢9-8dbb-
78d8cddfla3d
2. Power C, Lake JK, Cole TJ. Body mass index
and height from childhood to adulthood in the 1958
British born cohort. Am J Clin Nutr. 1997 Nov
1;66(5):1094-101.
3. Deurenberg P, Weststrate JA, Seidell JC. Body
mass index as a measure of body fatness: age- and sex-
specific prediction formulas. Br J Nutr. 1991
Mar;65(2):105-14.
4. Lean ME, Han TS, Morrison CE. Waist
circumference as a measure for indicating need for
weight management. BMJ. 1995 July
15;311(6998):158-61.
5. Ashwell M, Hsieh SD. Six reasons why the
waist-to-height ratio is a rapid and effective global
indicator for health risks of obesity and how its use
could simplify the international public health message
on obesity. Int J Food Sci Nutr. 2005 Aug;56(5):303—
7.
6. Després JP. Body Fat Distribution and Risk of
Cardiovascular Disease. Circulation. 2012 Sept
4;126(10):1301-13.
7. Seidell JC, Pérusse L, Després JP, Bouchard C.
Waist and hip circumferences have independent and
opposite effects on cardiovascular disease risk factors:
the Quebec Family Study. Am J Clin Nutr. 2001
Sept;74(3):315-21.
8. Ben-Noun L, Laor A. Relationship of neck
circumference to cardiovascular risk factors. Obes
Res. 2003 Feb;11(2):226-31.
9. Preis SR, Massaro JM, Hoffmann U,
D’Agostino RB, Levy D, Robins SJ, et al. Neck
circumference as a novel measure of cardiometabolic
risk: the Framingham Heart study. J Clin Endocrinol
Metab. 2010 Aug;95(8):3701-10.

10. Ebrahimi H, Mahmoudi P, Zamani F, Moradi S.
Neck circumference and metabolic syndrome: A
cross-sectional population-based study. Prim Care
Diabetes. 2021 June;15(3):582-7.

11. Keys A, Fidanza F, Karvonen MJ, Kimura N,
Taylor HL. Indices of relative weight and obesity. J
Chronic Dis. 1972 July 1;25(6):329-43.

12. Janssen I, Katzmarzyk PT, Ross R. Waist
circumference and not body mass index explains
obesity-related health risk. Am J Clin Nutr. 2004
Mar;79(3):379-84.

13. Hingorjo MR, Qureshi MA, Mehdi A. Neck
circumference as a useful marker of obesity: a
comparison with body mass index and waist
circumference. JPMA J Pak Med Assoc. 2012
Jan;62(1):36—40.

14. Box GEP, Wilson KB. On the Experimental
Attainment of Optimum Conditions. In: Kotz S,
Johnson NL, editors. Breakthroughs in Statistics
[Internet]. New York, NY: Springer New York; 1992
[cited 2025 Dec 21]. p. 270-310. (Springer Series in
Statistics). Available from:
http://link.springer.com/10.1007/978-1-4612-4380-
923

15. Zeeshan A, Mir A, Hattamurrahman MPS.
Obesity Prediction Using Machine Learning
Algorithms. Eng Proc. 2025;107(1):125.

16. Kumar S, Fore V, Singh J, Nainwal A, Malik
GK, Kumar A. Production and optimization of
soybean biodiesel production at fixed temperature 50
°C with RSM and ANN. Environ Sci Pollut Res
[Internet]. 2025 May 30 [cited 2025 Dec 21];
Available from: https://doi.org/10.1007/s11356-025-
36564-4

17. Anshika, Goel V, Kumar S. Optimization of
Process Parameters and Biodiesel Extraction of
Pogamia Pinnata via Response Surface Methodology.
Int J Appl Comput Math. 2025 May 25;11(3):111.
18. Sharma D, Goel V, Kumar S. Optimization of
microwave heated conversion of algae bio-oil into
biodiesel using RSM: Bioenergy conversion. In: Heat
Exchanger Technologies for Sustainable Renewable
Energy Systems. CRC Press; 2025.

19. Bas D, Boyaci IH. Modeling and optimization I:
Usability of response surface methodology. J Food
Eng. 2007 Feb 1;78(3):836-45.

20. Ferreira SLC, Bruns RE, Ferreira HS, Matos
GD, David JM, Brandiao GC, et al. Box-Behnken
design: An alternative for the optimization of
analytical methods. Anal Chim Acta. 2007 Aug
10;597(2):179-86.

21. Bezerra MA, Santelli RE, Oliveira EP, Villar
LS, Escaleira LA. Response surface methodology
(RSM) as a tool for optimization in analytical
chemistry. Talanta. 2008 Sept 15;76(5):965-77.

22. Walker S, Mallick BK. A Bayesian
Semiparametric Accelerated Failure Time Model.
Biometrics. 1999 June 1;55(2):477-83.

23. Kumar S, Singh J, Fore V, Kumar A.
Performance evaluation of ANFIS, ANN and RSM in
biodiesel synthesis from Karanja oil with Domestic
Microwave set up. Multimed Tools Appl. 2023 Nov
1;82(27):42509-25.

Advances in Consumer Research

1640



24. kumar  sunil. Microwave-driven biodiesel
production from waste cooking oil: A parametric
optimization approach for next-generation biofuel
upcycling. In: Next Generation Renewable Thermal
Energy Harvesting, Conversion and Storage
Technologies [Internet]. Elsevier; 2026 [cited 2025
Dec 21]. p. 713-36. Available from:
https://www.sciencedirect.com:5037/science/chapter/
edited-volume/abs/pii/B9780443331848000251

25. Goel V, Kumar S, Sharma D. A brief account of
the ANFIS tools and optimization approaches
explored during the manufacturing of biodiesel. In:
2024 International Conference on Advances in
Computing, = Communication and  Materials
(ICACCM) [Internet]. 2024 [cited 2025 Dec 21]. p. 1-
7. Available from:
https://ieeexplore.ieee.org/document/11059124

26. Kumar S, Aggrawal M, Kumar N, Deswal V.
Optimisation and prediction of Karanja oil
transesterification with domestic microwave by RSM

How to cite: Monika Sharma, Dr. Shashi Pathak, A Statistical Optimization Approach to Body Mass Index Based on the Anthropometric
Measurements . Advances in Consumer Research. 2025;2(6): 1635-1641

and ANN. Int J Ambient Energy. 2022 Dec
31;43(1):3744-51.

27. Kumar S. Application of response surface
methodology for the optimisation of biodiesel
production from Jatropha-algae oil blend. Int J
Ambient Energy. 2023 Dec 31;44(1):1557-62.

28. Kumar S, Fore V, Singh J, Amrish, Nainwal A,
Malik GK. Comparative study using RSM ANN and
SVM modelling for Biodiesel production from
Karanja oil by developed microwave set up. In: 2023
Ist International Conference on Intelligent
Computing and Research Trends (ICRT) [Internet].
2023 [cited 2025 Dec 22]. p. 1-16. Available from:
https://ieeexplore.ieee.org/document/10146623

29. Sharma D, Goel V, Kumar S. An appraisal of the
competence of mathematical fuzzy logic approach via
adaptive neuro-fuzzy inference system (ANFIS) in
biodiesel production from algae oil. Eng Res Express.
2025 Jan;7(1):015509

Advances in Consumer Research

1641



