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Abstract

Background Body mass index (BMI) is a key indicator of population health and often shifts alongside socio-eco-
nomic change. Few studies have tracked these dynamics over long periods in transitional economies. Russia’s late-
twentieth-century transformations offer a rare opportunity to examine such links. This study develops and validates
a time-series model of BMI in 19 years old, relating changes in socio-economic and demographic indicators to BMI
trends and producing scenario-based forecasts.

Materials and methods \We analyzed national time-series data published by the NCD Risk Factor Collaboration

for 1975-2016 (males and females, age 19), along with indicators of urbanization, fertility, infant and all-cause mortal-

ity, life expectancy, and nutritional proxies (protein supply, animal-source calories, meat). Predictors were standardized.
Per sex, we estimated the following: (i) first-difference OLS, (ii) dynamic regressions with a lagged BMI term (ARDL(1,0)),
and (iii) smooth-trend models with a natural cubic spline in year. Diagnostics included augmented Dickey—Fuller

and Durbin-Watson tests. Model selection triangulated elastic net, partial least squares, and stepwise regression. Rolling-
origin one-step-ahead forecasts used only information available at time t; bootstrap resampling assessed sign stability.

Results Across specifications, the urbanization share was the most robust correlate of BMI. For males, higher urbani-
zation was consistently and inversely associated with BM; for females, the association was small and model sensitive
(frequently negative but not uniformly significant). Effects of life expectancy and mortality attenuated and often lost
significance once smooth time structure was included, indicating shared long-run movement rather than distinct
short-run covariation; infant mortality added little independent signal. Nutrition proxies contributed limited, non-
robust information. ARDL(1,0) one-step-ahead forecasts outperformed random-walk and trend-only baselines. Under
a baseline scenario (continuation of recent socio-economic patterns), projected BMI in 2050 is approximately 26.6 kg/
m? (males) and 26.7 kg/m2 (females). Forecasts use only information available at time t (lagged predictors/now-

casts) and are conditional on assumed exogenous trajectories; longer-horizon projections are scenario based rather
than unconditional.

Conclusions After explicit treatment of nonstationarity, macrodemographic structure, especially urbanization, shows
the most consistent links to BMI at age 19, whereas national-scale nutrition proxies are weak at this grain. Findings are
descriptive, not causal; forecasts should be interpreted with caution. Incorporating finer-grained behavioral, dietary,
and environmental data will help clarify mechanisms and improve long-term forecasting.
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Background

One of the central areas of research in biological anthro-
pology is the study of variation in the morpho-functional
status of humans across time and space, as well as the
identification of key environmental factors that influence
this variability. In the context of the modern post-indus-
trial, information-driven society at the turn of the twen-
tieth and twenty-first centuries, particular attention has
been paid to the socio-economic factors that affect inter-
generational changes in overall body size. This includes
both global trends and regional specificities. Body mass
index (BMI) is among the most widely used indicators in
biological anthropology and medicine for assessing total
body size and relative body mass [1, 2]. Because secular
changes in BMI reflect shifts in growth, nutrition, and
environment, tracking these trends and their determi-
nants is central to understanding microevolutionary pro-
cesses in contemporary human populations. Although
BMI is an imperfect proxy for adiposity—elevated values
can also reflect greater muscle mass or population-spe-
cific fat distribution [3-5]—it remains the most practi-
cal standard metric for large-scale analyses of secular
trends, owing to its ease of calculation and broad data
availability.

Over the past century, substantial shifts have been
observed in key morphological traits—particularly height
and body mass—across many regions of the world [6-8].
In Europe, for example, notable gains in height and aver-
age body mass have been especially prominent over the
past three decades [9-12]. A similar pattern has been
documented in the Chinese population (Ji and Chen,
2008). A central challenge in contemporary human biol-
ogy is to identify the factors driving these morphologi-
cal changes and to understand how they interact with
broader environmental and social conditions [13]. Socio-
economic status, dietary habits, and environmental con-
ditions are among the primary external determinants
thought to influence variation in BMI [14, 15]. Another
important factor is the decline in physical activity: with
technological advancement and increased automation,
activity levels have fallen, likely contributing to the rising
prevalence of overweight and obesity [16]. There is also
evidence that even minimal physical activity can effec-
tively reduce BMI [17].

Since the second half of the twentieth century, inter-
generational increases in BMI have been documented
globally among both males and females across all age
groups [18-20]. A comprehensive analysis of secular
trends in adult BMI, based on data from more than 19.2
million individuals across 186 countries, revealed that
between 1975 and 2014, average BMI rose from 21.7 kg/
m? to 24.2 kg/m? in males—at an average rate of 0.63 kg/
m? per decade—and from 22.1 kg/m? to 24.4 kg/m? in
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females, increasing by approximately 0.59 kg/m? per dec-
ade [18]. In most countries, national-level BMI trajecto-
ries closely align with global trends. Notable increases
in BMI have been observed among youth in Germany
[21], the Netherlands [22], and Poland [23, 24]. In Russia,
secular increases in body weight, BMI, and indicators of
fat accumulation have also been reported across various
population groups [25-27].

These increases in average body weight have been
accompanied by rising rates of overweight and obesity
in many countries [18, 20]. However, recent studies sug-
gest a potential shift in these trends among younger gen-
erations. In particular, some findings point to a decline
in the prevalence of overweight and obesity—based on
BMI assessments—among children and adolescents [28,
29]. In some countries, for example, in Japan, an increase
in the proportion of underweight females has also been
reported [30].

Despite extensive documentation of BMI trends, few
studies have developed formal models that link socio-
economic dynamics to long-term BMI trajectories, par-
ticularly in the Russian context. Most existing research
does not identify the most influential drivers of change
or offer forecasts of future trends in body composition.
As a result, there remains no established framework that
quantitatively relates time-varying socio-economic and
demographic factors to intergenerational (diachronic)
changes in somatic traits or that projects future tra-
jectories in body size under plausible shifts in external
conditions.

This gap is especially striking in Russia, where BMI
dynamics have unfolded alongside profound political,
economic, and demographic transformations. Despite
rich datasets and growing public health concerns, the
long-term interaction between social change and popula-
tion-level morphology remains underexplored. The need
for such theoretical syntheses has grown and has become
feasible with the accumulation of large, multi-indicator
datasets [31]. The availability of open-source, aggregated
time series, where local fluctuations are partially aver-
aged out, enables clearer identification of long-term tem-
poral patterns.

The present study addresses this problem by developing
and testing a forecasting model of adult BMI in Russia,
using historical time series of socio-economic indicators.
Specifically, we apply a combination of time-series mode-
ling, regularization, and validation techniques to identify
robust predictors and forecast future dynamics in mean
BMI.

Beyond its technical value, such modeling has both
applied and theoretical significance. Anticipating BMI
trajectories can inform public health policy, resource
allocation, and preventive strategies for obesity-related
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conditions. From a broader anthropological perspective,
modeling these regularities contributes to our under-
standing of microevolutionary patterns in somatic varia-
tion across contemporary human populations.

Materials and methods

This study draws on average BMI data for 19-year-
old males and females in Russia from 1975 to 2016, as
reported by the NCD Risk Factor Collaboration (NCD-
RisC, 2017).

This specific age group was selected for several reasons.
First, by age 19, growth processes are largely complete in
both sexes, and individuals have generally reached their
definitive somatic status—meaning that key morphologi-
cal traits have stabilized. At the same time, involutional
(age-related degenerative) changes have not yet begun.
Moreover, the prevalence of age-dependent diseases and
occupational morphological distortions remains very
low at this age. Thus, 19 years old represent an optimal
“model” age group for analyzing intersystem relation-
ships in a conditionally healthy population that has
attained definitive somatic status and is situated at the
most stable stage of ontogenetic development in terms of
morphofunctional characteristics.

To evaluate the influence of socio-economic and demo-
graphic factors on secular trends in BMI and to construct
a theoretical model linking BMI to long-term changes
in these variables, a comprehensive set of indicators was
analyzed. These included both socio-economic and nutri-
tional parameters: average monthly per capita income in
rubles, the Gini index (World Bank), total urban popu-
lation and its share of the overall population, life expec-
tancy at birth, urban birth rate, total fertility rate, death
rate, infant mortality, daily protein supply per capita (g),
daily caloric intake from animal protein (per person),
animal-source protein consumption per capita (g), per-
capita meat supply in Russia (kg/year), and total meat
consumption in Russia.

Statistical analysis

All statistical analyses were carried out in R (v4.3), using a
combination of base functions and specialized packages.
Before modeling, all socio-economic and demographic
variables were standardized with the scale () function
so that each was expressed as a z-score—centered on its
mean and scaled by its standard deviation. This transfor-
mation makes regression coefficients directly comparable
across predictors. Table 1 illustrates the effect of stand-
ardization by showing raw values alongside standard-
ized values; entries are reported as raw (z score) for each
variable.
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A multistep procedure was then applied to select the
most relevant predictors for the model. As a first explor-
atory step, we examined the strength of association
between each potential predictor and BMI by calculating
Pearson correlation coefficients with psych: :corr.
test () [32]. This allowed us to identify variables that
were strongly related to BMI and to flag those with negli-
gible or redundant correlations.

Because the dataset spans more than four decades,
many series exhibit clear long-term trends. We first
screened each series with the augmented Dickey—Fuller
(ADF) test (tseries::adf.test()) to assess sta-
tionarity. We then attempted automated transformations
using healthyR.ts::auto_stationarize (). For
several variables—including urban birth rate, urban fer-
tility rate, infant mortality, and male BMI—these proce-
dures did not consistently yield stationary series, likely
because their nonstationarity reflects structural breaks as
well as deterministic trends. As not all variables could be
made stationary (including the key outcome, male BMI),
and detrending would eliminate substantively important
long-run dynamics, we retained the original level series
without modification in those specifications where pre-
serving trend information was essential.

Given the prevalence of nonstationarity and the risk
of trend-driven spurious correlation, we estimated three
complementary specifications for each sex to ensure
robustness to modeling choices: (i) first-difference OLS
(with Newey—West SEs), (ii) a dynamic ARDL(1,0) model
with lagged BMI, and (iii) a smooth-trend model that
includes a natural cubic spline in calendar year.

First-difference model
Year-to-year changes in BMI were regressed on corre-
sponding changes in each predictor:

ABMI; = og + % /30'5) A Xst) T E@sp-

This specification controls for shared level trends,
focusing on short-term co-movements; Newey—West
standard errors (sandwich: :NeweyWest ()) with a
1-year lag were applied to correct for autocorrelation and
heteroskedasticity.

Dynamic model (ARDL(1,0))
BMI was regressed on its own 1-year lag and the contem-
poraneous value of each predictor:

BMIL; = ¢s + ¢s BMIt—1) + Xj ¥ XGst) T Eisb)-

This structure explicitly captures inertia in BMI while esti-
mating immediate effects of the socio-economic variables.
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Smooth-trend model

BMI was modeled as a function of the predictors plus a
natural cubic spline in calendar year with four degrees of
freedom (splines::ns()):

BMIL; = a5 + I 50',5) Xgst + ns (t,df = 4) + &)

This absorbs gradual common trends across variables
while isolating more specific associations with BMI.

For each model, we computed Durbin—Watson statis-
tics (lmtest: :dwtest ()) and reapplied the ADF test
to the residuals to confirm that autocorrelation had been
reduced and that residuals were stationary (Supplemen-
tary Tables S2 and S3).

To evaluate predictive performance, we used a rolling-
origin (walk-forward) validation approach. At each step,
the model was re-estimated on data available up to year t
and used to forecast BMI for year t+1, using only infor-
mation available at time t (lagged predictors; where con-
temporaneous values were required, simple nowcasts
such as random walk/AR(1) were used).

The ARDL(1,0) model’s forecasts were compared
against two baselines: a naive random walk (project-
ing next year’s BMI as equal to the current value) and a
quadratic time-trend model (BMI~year+year?). Fore-
cast accuracy was assessed using mean absolute error
(MAE), root-mean-squared error (RMSE), and mean
absolute percentage error (MAPE). Across both sexes,
the ARDL model consistently outperformed the baselines
(Table S4).

Given the relatively small sample size (N=42 years),
we also examined the stability of the ARDL coefficients
using a moving-block bootstrap with a block length of 3
years and 500 replications. For each predictor, we report
percentile-based 95% confidence intervals and the pro-
portion of bootstrap samples in which the sign of the
coefficient was preserved (Table S5). Life expectancy and
the share of the urban population emerged as the most
robust predictors, showing high sign stability across
bootstrap runs.

Subsequently, elastic net regression was performed
to identify key predictors and reduce model complex-
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penalty proportional to the square of the coefficients.
Both approaches aim to minimize error on the training
data while constraining model weights.

In elastic net, the mixing parameter alpha (a) deter-
mines the balance between L1 and L2 regularization
(larger a gives relatively more L1; smaller o gives rela-
tively more L2). The lambda (1) parameter is a tun-
able hyperparameter that controls the overall penalty
strength—higher values of A result in stronger penaliza-
tion. In this study, a was set to 0.5, and A was optimized
using k-fold cross-validation from the glmmnet package:

Model = cv.glmnet(X, y, alpha = 0.5, nfolds = 10)
Model$lambda.lse

At the second stage of predictor selection for regres-
sion modeling, partial least squares (PLS) regression was
used to assess variable importance [35]. This method is
particularly effective when the dataset contains highly
correlated predictor variables. PLS constructs new pre-
dictors—referred to as components—as linear combi-
nations of the original variables. While it incorporates
elements of principal component analysis, it additionally
identifies a subset of latent variables within a transformed
space where the relationship between the response vari-
able and the predictors is maximized. This allows for the
identification of the most influential variables, i.e., those
most strongly correlated with the latent components.

model = train(BMI ~ ., data = BMI,,, method = "pls")

Following variable selection using both elastic net and
PLS regression, the resulting set of predictors was ana-
lyzed using stepwise linear regression. Although this
method also performs variable selection, it is sensitive to
multicollinearity and therefore requires prior dimension-
ality reduction. Stepwise selection was carried out using
the step function from the stats package [36]:

model < Im(BMI ~ ., data = BMlgy,)
step(model, direction = "both")

For model verification at this stage, model selection
was also performed using cross-validation as follows:

control < — trainControl(method = "cv", number = 10)
model < — train(BMI ~ .,data = BMI_data, method = "lmStepAIC", trControl = control)

ity. This method combines two types of regularization
penalties—L1 (Lasso) and L2 (Ridge)—to shrink coeffi-
cient magnitudes and select variables with the strongest
predictive power [33, 34]. Lasso regression (L1 regulari-
zation) adds a penalty to the loss function equal to the
sum of the absolute values of the model coefficients,
while Ridge regression (L2 regularization) applies a

BMI predictions based on the final regression model
were calculated using the plsregl function from the pls-
depot package with cross-validation [37]:

This layered analytical strategy—combining standardi-
zation, multiple model specifications, explicit time-series
diagnostics, out-of-sample forecasting, bootstrap infer-
ence, and multi-method variable selection—was designed
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Table 2 Pearson correlation coefficients between socio-economic indicators and BMI of 19-year-old males and females in Russia

Socio-economic indicators Males Females
n r p-values n r p-values

Average monthly per capita income (rubles) 19 097 i 19 0.52 ns
Gini index RF World Bank 20 032 ns 20 0.71 *
Gini index (Russia) 25 057 ns 25 0.64 ns
Urban population (absolute number) 42 0.57 ** 42 0.74 il
Share of urban population % 42 0.74 oxxx 42 0.87 e
Life expectancy at birth, total 42 0.39 ns 42 0.10 ns
Urban birth rate 42 —0.42 ns 42 —0.63 Frx
Urban fertility rate 42 —042 ns 42 —0.62 X
Death rate 42 0.59 ** 42 0.79 FrEX
Infant mortality rate 42 —0.99 Fexx 42 —0.94 e
Protein supply (g protein per capita per day) 42 -0.17 ns 42 —-0.42 ns
Daily caloric intake per person from animal protein 42 0.12 ns 42 -0.13 ns

Animal products: protein (g/day per capita) 42 0.12 ns 42 —0.13 ns

Meat supply per capita (kg/year) 42 023 ns 42 —-0.03 ns
Total meat consumption in Russia 42 0.33 ns 42 0.06 ns

Bold indicates variables included in the subsequent regression analysis
Italics indicate variables excluded from the regression analysis
df=n-2

ns, non-significant: p> 0.05

n—number of observations used to compute the correlation coefficient, —Pearson correlation coefficient, p—significance level: ns: p>0.05, *p <0.05, **p <0.01,

***p <0.001, ****p <0.0001

to ensure that the observed relationships between BMI
and macrostructural predictors are both statistically
robust and substantively meaningful.

Results
At the initial stage of analysis, Pearson correlation coef-
ficients were calculated to assess the strength of linear
associations between BMI and each socio-economic indi-
cator for 19-year-old males and females (Table 2).
Among males, the strongest correlations were observed
with infant mortality (r=—0.99) and average monthly per
capita income (r=0.97). These exceptionally high coeffi-
cients reflect highly similar patterns of variation over time,
suggesting the influence of common underlying factors
driving changes in both BMI and these socio-economic
indicators. For females, a similarly strong negative correla-
tion with infant mortality was observed (r=-0.94). Such
high correlations may be partly attributable to the nature of
the BMI data: in certain years, BMI values were estimated
(approximated from available data) rather than directly
measured. This may have reduced variability in the BMI
data and, consequently, inflated correlation coefficients
with other similarly trending indicators. These high coef-
ficients should not be taken as evidence of genuine asso-
ciations between the variables, as they likely reflect shared
temporal trends rather than substantive relationships.

To prevent the identification of spurious relationships
in the modeling process, variables showing excessively
high correlations with BMI were excluded. Additionally,
indicators with limited data availability were removed,
as were redundant variables reflecting the same underly-
ing phenomenon—for instance, urban fertility rate was
excluded due to its strong overlap with urban birth rate.
Following this variable selection process, 7 of the original
15 socio-economic indicators were retained for further
analysis (Table 2).

The intercorrelations among socio-economic indicators
are presented in Table S1 and reveal substantial overlaps
between several variables, necessitating variable selection
to reduce redundancy and avoid multicollinearity.

Variable selection was carried out using two comple-
mentary methods. In the elastic net regression for males,
the optimal lambda (1) value (lambda.lse) was 0.008,
with a set at 0.5. Six predictors were assigned nonzero
coefficients: urban population in Russia (—0.05), life
expectancy at birth (0.49), urban birth rate (—0.01), death
rate (0.52), protein supply (—0.01), and meat consump-
tion in Russia (0.06) (Table 3).

For females, elastic net regression yielded an optimal
lambda of 0.013. Four predictors had nonzero coeffi-
cients: urban population (0.05), life expectancy at birth
(0.11), death rate (0.20), and daily caloric intake (0.03). As
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Table 3 Regression coefficients obtained using elastic net regression
Males Females
(Intercept) 25.16 26.54
Urban population (absolute number) —0.05 0.05
Life expectancy at birth 0.50 0.11
Urban birth rate —-0.01
Death rate 0.52 0.20
Protein supply (g protein per capita per day) -0.02
Daily caloric intake per person from animal protein 0.03
Total meat consumption in Russia 0.07
1se Lambda 0.0067 0.0124
Measure 0.0057 0.0039
SE 0.0012 8e-04

females

Death rate

Urban population

Birth rate urban

Protein supply

Daily caloric intake

Life expectancy at birth

Meat Russia

0
25
50
75

100

males |

Death rate

Urban population

Life expectancy at birth

Birth rate urban

Meat Russia

Protein supply

Daily caloric intake

0

w o Yol
N

5
7
100

importance

Fig. 1 Importance of socio-economic indicators in partial least squares regression models predicting BMI among 19-year-old males and females

in Russia

in the male model, the most influential predictors were
death rate and life expectancy at birth.

As a second selection criterion, variable importance
was evaluated using partial least squares (PLS) regres-
sion, which confirmed the relatively low contribution of
the nutrition-related variable protein supply, leading to
its exclusion from the final model (Fig. 1). We selected
PLS regression as a dimensionality reduction tech-
nique because unlike PCA, it explicitly accounts for the

response variable when constructing latent components.
This makes it more suitable for predictive modeling of
BM]I, as it captures shared variance between predictors
and the outcome, rather than merely maximizing vari-
ance among predictors.

For females, PLS regression was used to evaluate vari-
able importance, leading to the exclusion of total meat
consumption in Russia, as it contributed minimally to the
model.
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Table 4 Results from PLS regression analysis: predictor loadings on PLS components, regression coefficients, and cross-validated

performance metrics (males and females)

Features Males Females
Loadings Comp 1 Comp 2 Comp 3 Comp 1 Comp 2 Comp 3
Urban population 0.69 0.01 -0.76 0.69 0.01 -0.76
Life expectancy at birth, total -0.02 0.44 -0.06 -0.02 0.44 -0.06
Urban birth rate —-0.61 032 -0.13 —-0.61 0.32 -0.13
Death rate 0.60 -0.25 0.69 0.60 -0.25 0.69
Protein supply (g protein per capita per day) -0.45 0.46 -0.05 -0.45 0.46 -0.05
Daily caloric intake per person from animal protein -0.22 0.52 -0.01 -0.22 0.52 —0.01
Total meat consumption in Russia -0.01 0.50 —-0.06 —-0.01 0.50 —-0.06
SS loadings 145 1.08 1.28 1.05 1.10
Proportion Var 021 0.16 0.15 0.18 0.15 0.16
Cumulative Var 0.21 0.36 0.52 0.18 0.33 049
Coefficients Outcome Outcome
Urban population 0.16 0.18 -0.09 0.05 0.09 0.03
Life expectancy at birth, total 0.09 0.17 032 0.01 0.05 0.07
Urban birth rate -0.12 -0.11 -0.14 —0.05 —0.06 —0.04
Death rate 0.17 0.20 0.49 0.06 0.09 0.21
Protein supply (g protein per capita per day) —-0.05 -0.01 —-0.03 -0.03 -0.02 0.00
Daily caloric intake per person from animal protein 0.03 0.10 0.13 —-0.01 0.03 0.07
Total meat consumption in Russia 0.08 0.16 0.17 0.00 0.05 0.03
No. of comp RMSE R-squared MAE RMSE R-squared MAE
1 034 0.28 0.15 0.59 0.13
2 0.26 0.21 0.10 0.82 0.08
3 0.13 0.10 0.06 0.93 0.05
No. of comp RMSESD RsquaredSD MAESD RMSESD RsquaredSD MAESD
1 0.08 0.19 0.06 0.04 0.20 0.03
2 0.04 0.11 0.03 0.02 0.09 0.02
3 0.04 0.05 0.03 0.02 0.05 0.01

All loadings with an absolute value > 0.40 are highlighted in bold to aid interpretation; this formatting has no effect on model estimation

Table 4 presents the results of the PLS analysis, show-
ing how the predictors load on the latent components
along with the relevant model diagnostics.

To give the PLS solution substantive meaning, we
interpret each component by the variables with the larg-
est absolute loadings; these descriptive labels are offered
purely for exposition and did not influence model esti-
mation or selection. The first component reflects a pat-
tern of urban concentration under demographic stress,
combining higher urban population and elevated death
rates with lower urban birth rates. The second compo-
nent aligns improvements in living conditions with nutri-
tion, linking greater life expectancy to stronger proxies
of dietary availability and quality (such as animal-based
calories, protein, and meat) alongside a lower death rate.
By contrast, the third component isolates short-run
mortality spikes that are only weakly related to contem-
poraneous urban structure, capturing a residual “crisis”

dimension against a slower-moving backdrop of urban
change.

Across sexes, these components explain a substantial
share of predictor variance and improve predictive perfor-
mance as components are added (see Table 4 diagnostics).
The key predictors identified in the PLS analysis—espe-
cially urbanization, mortality, and life expectancy—also
demonstrated stable signs and significance across elas-
tic net and stepwise regression models, supporting their
robustness across estimation techniques. The prominence
of life expectancy and death rate within components 1-2
aligns with their large, statistically significant coefficients
in the final stepwise models, reinforcing their role as core
predictors of BMI dynamics.

Based on the most informative predictors identified in
the previous steps, stepwise linear regression was per-
formed (Table 5). In the male model, urban birth rate was
excluded, while all remaining variables had regression
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coefficients significantly different from zero. In the
female model, all four selected predictors yielded statisti-
cally significant coefficients and were retained in the final
regression equation.

Following stepwise regression, all retained coefficients
had variance inflation factors (VIFs) between 1 and 5,
indicating moderate multicollinearity, suggesting some
correlation among predictors, but not to a problematic
extent. The Durbin—Watson test indicated autocorrela-
tion, which is consistent with the presence of time trends
in the input data. Stationary residuals were achieved only
in the model for females, while the assumption of nor-
mally distributed residuals was violated in both models.
Diagnostic plots were generated to visualize model per-
formance and residual behavior (Fig. 2).

As a result of the multistage statistical analysis, final
regression equations were developed, representing theo-
retical models of BMI dynamics in response to tempo-
ral changes in external socio-economic and nutritional
indicators:

o Equation (1): BMI (males)=25.16—0.06 X urban
population of Russia+0.57xlife expectancy at
birth +0.56 X death rate

o Equation (2): BMI (females)=26.55+0.04X urb
an population of Russia+0.12xlife expectancy at
birth +0.23 x death rate + 0.04 X daily caloric intake

The final regression models developed for males and
females, based on temporal variation in socio-economic
factors, revealed that demographic indicators (life expec-
tancy and mortality) show large associations in level
models but attenuate under smooth-trend controls;
urbanization measures remain the most stable correlates
across specifications (Table 5). Urbanization indicators—
especially the share of the urban population—were the
most stable correlates of BMI; life expectancy and mor-
tality attenuate once smooth time structure is accounted
for. Patterns differed by sex: male urbanization is robustly
negative; female associations are small and model
sensitive.

Because the original series are nonstationary, we tested
multiple ways of handling that non-stationarity to check
the robustness of our results. At levels, the augmented
Dickey—Fuller test confirmed unit roots in many vari-
ables. First-differencing improved stationarity for most
of them—Alife expectancy and Amortality, for example,
became stationary—whereas ABMI yielded mixed out-
comes, reaching stationarity in one sex but not the other.

Model A — First-difference specification (A)
For males, this model explains R*~0.75 (Adj-R*~0.66)
with DW=0.75 and residual ADF p~0.058 (borderline

Page 10 of 21

significant). For females, R°~0.69 (Adj-R*~0.59),
DW=1.37, and residual ADF p=0.75. The effects of Alife
expectancy and Amortality weaken and become statisti-
cally nonsignificant, suggesting their level-wise associa-
tions are largely trend-driven, whereas Aurban birth rate
(positive) and Ainfant mortality (negative) remain signifi-
cant in at least one sex-specific model.

Model B — Dynamic specification with a lagged
dependent variable (ARDL [1,0])

Including BMI; captures strong inertia and vyields
stationary residuals (ADF pr2x107° DW=1.60). As
expected, explanatory power is high. Among males, con-
temporaneous life expectancy and mortality remain posi-
tively significant after accounting for inertia, while the
urban-population share is negatively significant. Among
females, life-expectancy and mortality effects weaken
and become nonsignificant, and the urban-population
share effect is small and model dependent (frequently
negative but not uniformly significant).

Model C—Smooth-trend specification

Adding a flexible time spline for calendar year produces
stationary residuals (ADF p<10~) with DW=~1.71 for
males and 2.01 for females. In this setting, life expectancy
and mortality lose statistical significance for both sexes,
indicating that a broad smooth trend dominates their sig-
nal. In contrast, urbanization indicators remain robust
(urban population share negative; urban birth rate posi-
tive), while nutrition proxies show mixed and generally
weaker effects.

Model diagnostics (Table S2) indicate that residual
autocorrelation is largely controlled in the ARDL and
spline specifications (Durbin-Watsonx1.6-2.0), and
ADF tests confirm residual stationarity in nearly all cases
(p<0.001). The ARDL(1,0) models account for 95.4% of
the variance in male BMI and 93.1% in female BMI, and
their rolling one-step forecasts yield a mean absolute
error below 0.01 BMI units—effectively negligible rela-
tive to year-to-year variation. These forecast errors are
conditional on the future path of exogenous variables;
longer-horizon projections should be interpreted as sce-
nario based rather than unconditional predictions.

Across all three specifications, conclusions are con-
sistent: (i) differencing suppresses trend-induced cor-
relations and attenuates life-expectancy and mortality
effects, (ii) the dynamic model shows that demographic
proxies remain linked to male BMI after accounting for
inertia, (iii) the smooth-trend model absorbs most of the
life-expectancy and mortality signal, while urbanization
indicators persist as the most stable correlates. These
findings justify cautious interpretation and joint report-
ing of DW and ADF statistics alongside coefficients, and
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Fig. 3 Temporal dynamics of BMI in the context of long-term changes in key demographic indicators. Note: Annual BMI estimates are taken directly

from the NCD-RisC dataset without additional smoothing or interpolation

they confirm the informational value of several key pre-
dictors for subsequent analysis.

Figure 3 presents a visual summary of the joint tem-
poral variation in the indicators studied. The data clearly
show that life expectancy and mortality rate exhibit
opposing (mirror-like) trajectories over time, changing in
parallel but in opposite directions. Increases in life expec-
tancy coupled with declines in mortality reflect improve-
ments in living conditions at the national or regional
level. From 1975, the starting point of this study, until the
mid-1980s, a gradual increase in BMI was observed in
both sexes, occurring alongside relatively minor fluctua-
tions in life expectancy and mortality. Beginning in the
mid-1980s, life expectancy declined sharply, reaching its
lowest point in the mid-1990s, while mortality rose sig-
nificantly during the same period (1986-1994). During
this time, the increase in BMI plateaued, with the steady
upward trend observed earlier slowing considerably. In
the late 1990s (1994—1998), as life expectancy began to
recover and mortality rates declined, BMI values in both
males and females resumed their upward trajectory—a
trend that continued over an extended period thereafter.

Starting in the early 2000s—specifically in 2003—a sus-
tained increase in life expectancy is observed, reflecting
an overall improvement in socio-economic conditions.
This trend continues until the onset of the COVID-
19 pandemic and is accompanied by a continued rise

in average BMI values among both males and females.
Among females, however, the increase in BMI levels
plateaus around 2007-2008, followed by a slight decline
through the end of the observation period (2016).
Throughout this period, mortality rates consistently
moved in the opposite direction, declining as life expec-
tancy increased, reinforcing the interpretation of improv-
ing living conditions.

A somewhat different pattern is observed for the share
of the urban population. A sharp increase in urbaniza-
tion is evident up to the early 1990s, which closely cor-
responds with the upward trend in BMI for both sexes
during that period. From the early 1990s to approxi-
mately 2006-2007, the proportion of the urban popu-
lation declines slightly, followed by a modest increase
that continues through the end of the study period. The
trajectory of BMI, however, does not fully mirror these
changes. Among males, BMI continues to rise steadily
through 2016, despite the temporary decline in urban
population share in the early 2000s. Among females,
BMI increases until 20062007 and then shows a slight
decrease toward the end of the period.

The results suggest that long-term changes in the
selected socio-economic indicators are associated with
temporal trends in BMI. The patterns of variation among
the predictors included in the model do not demonstrate
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linear regression model. Crosses indicate 95% confidence intervals for predicted BMI values in 2050, derived from the standard errors of model
residuals. These intervals reflect forecast uncertainty based on in-sample model fit

a strictly linear relationship with BMI, which underscores
the plausibility and nuanced nature of the identified
associations.

Using the developed regression models and long-term
projections of socio-economic trends in Russia, esti-
mated BMI values were calculated for young adult males
and females for the near future—specifically the year
2050. Due to the lack of available forecasts for nutritional
factors and caloric intake and considering that these vari-
ables had the lowest importance in the models, they were
excluded from the prediction.

According to socio-economic projections, by 2045-
2050, the urban population in Russia is expected to
reach 110.6 million, life expectancy is projected to rise to
79.83 years, and the mortality rate is expected to decline
to 9.9 [38, 39]. Based on the previously developed regres-
sion equations (theoretical models), an approximate fore-
cast of BMI dynamics among Russian males and females
was made for the year 2050 (Fig. 4). Under current socio-
economic scenarios, the BMI of males is projected to
increase to 26.62+0.1 (CI 26.5-26.8) (from 25.9 in 2016),
while for females a more modest increase is expected—
from 26.7 in 2016 to 26.74+0.1 (CI 26.6-26.9) in 2050
(Fig. 4).

The developed models were validated using an alterna-
tive statistical approach, based on the same set of socio-
economic indicators. This validation was carried out
using partial least squares (PLS) regression (plsregl func-
tion), through which a separate regression equation was
generated to calculate predicted BMI values. Compared
to the stepwise linear regression, this method produced
less robust predictive results, with an R? of 0.68. Accord-
ing to the PLS model, the projected average BMI values
for males and females in 2050 are nearly identical: 26.978
for males and 26.973 for females. These predictions
closely align with those obtained from the stepwise lin-
ear regression model, both indicating an increase in BMI
by 2050. In both cases, the BMI of males is projected to
increase more than that of females.

Overall, the use of an alternative statistical algorithm
confirmed the robustness and consistency of the identi-
fied associations between temporal changes in selected
socio-economic indicators and BMI dynamics.

To evaluate predictive performance, we implemented
a rolling-origin (walk-forward) validation procedure.
At each step, the ARDL(1,0) model was re-estimated
on an expanding historical window and used to pro-
duce a one-step-ahead BMI forecast. Forecasts used
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only information available at time t: the lagged depend-
ent variable and, for contemporaneous predictors, sim-
ple nowcasts (random-walk or AR(1)) generated from
data up to t. Accuracy was assessed with mean absolute
error (MAE) and root-mean-squared error (RMSE) and
benchmarked against two baselines: (i) A naive random-
walk model (y_{t+1}=y_t) and (ii) a trend-only specifi-
cation with linear and quadratic terms in calendar year.
Across both sexes, the ARDL(1,0) model substantially
outperformed the baselines. For males, MAE/RMSE were
0.0084/0.0124 versus 0.0423/0.0464 (random walk) and
0.0564/0.0749 (trend only). For females, MAE/RMSE
were 0.0065/0.0096, again much lower than the baselines
(Table S4, Fig. 5).

The resampling analysis broadly confirmed the ARDL
coefficients (Table S5). In males, every draw retained
a positive life-expectancy effect (mean=0.022, 95% CI
0.011-0.037) and a negative urban-population effect
(mean=-0.019, 95% CI —0.035 to —0.008), with inclu-
sion frequencies of 100% and 98%, respectively. Mortal-
ity rate was also positive and precise (CI excludes 0 in
94% of runs), whereas the urban birth-rate coefficient
crossed zero and was kept in only 88% of samples, indi-
cating weaker evidence. Infant mortality remained nega-
tively associated (CI —0.029 to —0.003, 91% inclusion)
but with a small effect size. For females, the urban-pop-
ulation share again emerged as the most reliable pre-
dictor (mean=-0.021, 95% CI —0.038 to —0.009, 100%
inclusion), followed by a modest positive life-expectancy
effect (95% CI 0.004—0.029). Mortality and urban birth-
rate coefficients displayed wide intervals that straddled
zero, underscoring their fragility. Overall, the bootstrap
highlights two robust patterns: (i) strong BMI inertia (see
Table S4) and (ii) a reliable negative link between urbani-
zation and BMI in males, with a smaller, specification-
sensitive association in females, while other demographic
effects—especially in females—appear more sensitive to
model assumptions and sampling variability.

These results demonstrate that including BMI inertia
(lagged BMI) and contemporaneous structural predictors
markedly improves short-term forecast accuracy over
trend-only and naive extrapolations (Table S4; Fig. 5).
Forecasts use only information available at time t (lagged
predictors/nowcasts) and are conditional on assumed
exogenous trajectories; longer-horizon projections are
scenario based rather than unconditional.

Discussion

This study provides new insights into the long-term
dynamics of BMI among 19-year-old males and females
in Russia, examined in the context of demographic and
socio-economic change over four decades. By combin-
ing differencing, dynamic modeling, and trend-adjusted
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specifications, we were able to separate the temporal
structure of the data from potentially substantive associa-
tions. This approach helped to distinguish variables that
merely covary with BMI due to shared time trends from
those that retain stable associations after accounting for
temporal dependence.

Across all modeling specifications, urbanization indi-
cators—particularly the share of the urban population—
emerged as consistent and statistically robust predictors
of BMI variation. From an ecological urbanization-health
perspective, the urban context can influence BMI
through three linked channels: the built environment
(e.g., walkability, transport, land use), access to services
(food retail, healthcare, recreation), and behavioral pat-
terns (occupational activity, commuting, diet). These
mechanisms provide a plausible pathway by which
urbanization co-moves with BMI in our national series.
While our design is ecological and cannot test these
pathways, the pattern is consistent with this framework.
However, while the association was stable across models,
the corresponding effect sizes were small, indicating that
urbanization exerts a modest influence on BMI levels
rather than a large one. In contrast, life expectancy and
mortality, although initially strong predictors, attenu-
ated or disappeared in models that adjusted for temporal
trends, suggesting that their apparent association with
BMI may be partly endogenous to broader developmen-
tal processes.

Sex-specific differences were also pronounced. Among
males, life expectancy and mortality retained positive
associations with BMI in several models, and the asso-
ciation with urbanization remained negative; among
females, these effects weakened or disappeared. The
BMI trajectory for females plateaued or declined in later
years, possibly reflecting distinct behavioral or biologi-
cal responses to environmental change, echoing patterns
observed in cross-national research. We treat these sex-
specific explanations as hypotheses consistent with prior
literature rather than confirmed findings; because our
design is ecological and based on national time series, it
cannot adjudicate individual-level mechanisms.

Methodologically, the use of multiple time-series strat-
egies—including first-difference models, ARDL(1,0)
specifications, and smooth-trend models—strengthened
the robustness of our conclusions. The superior fore-
casting performance of the ARDL(1,0) model, together
with the consistent urbanization effects across speci-
fications, affirms the stability and interpretive value of
the identified associations. However, forecast implica-
tions should be read cautiously: our forecasts use only
information available at time t (lagged predictors/now-
casts), and longer-horizon projections are conditional
on assumed paths of exogenous variables. Long-horizon
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BMI trajectories are not forecasts of political change; trends have proven highly variable across populations

projections are conditional on exogenous paths and can-  and historical periods.

not anticipate policy or geopolitical shocks. The variability of secular trends in total body size
This analytical rigor is particularly important given (height and weight) across different populations and

the broader scientific context, where body composition  historical periods presents a significant challenge in
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identifying the key drivers and underlying causes of long-
term changes in body composition. This phenomenon
appears to result from the interaction of endogenous
(e.g., genetic, epigenetic) and exogenous (e.g., ecological,
climatic, socio-economic, sociocultural) influences. Over
the past century, however, improvements in living condi-
tions have increasingly been recognized as the dominant
force shaping body composition trends [40—44].

The relevance of the present study lies in its attempt to
assess the differentiated contributions of various socio-
economic indicators to secular changes in BMI, a widely
used proxy for body composition, and, more broadly, to
long-term transformations in the somatic status of mod-
ern populations during the second half of the twentieth
and early twenty-first centuries.

Although the observed patterns reveal similarities
in variability across indicators, they do not necessar-
ily imply causal relationships. Nonetheless, the findings
point to shared trends over time. Previous studies on
BMI variation have shown that only a small proportion
of its variability is directly attributable to socio-economic
processes [45]. However, this may still reflect the influ-
ence of overarching factors that link social and economic
development to changes in physical status. For example,
as living standards and overall well-being improve, both
socio-economic indicators and physical health meas-
ures tend to rise concurrently, with BMI serving as one
expression of such broader shifts.

The relationship between secular trends in body com-
position and the socio-economic and demographic indi-
cators examined in this study may not result from their
direct influence but rather be mediated by other factors.
For instance, improvements in nutritional conditions or
easier access to food choices may accompany socio-eco-
nomic changes, and it is these intermediate shifts that
ultimately contribute to changes in somatic traits, most
notably BML In this sense, temporal variation in socio-
economic parameters may simply mirror changes in
somatic indicators over time, without indicating a direct
causal pathway.

An analysis of BMI variability over the past 40 years
reveals a notably unstable trajectory. BMI increased
steadily until the mid-1980s, plateaued through the mid-
1990s, and then resumed an upward trend in both sexes.
Among males, this rise has continued to the present day,
while among females, average BMI values have slightly
declined over the past decade.

This pattern may be linked to broader external influ-
ences, particularly the well-documented and prolonged
decline in quality of life in Russia from the mid-1980s
to the early 2000s. The period was marked by a pro-
found economic transition and political upheaval, begin-
ning with the reforms of perestroika and glasnost and
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culminating in the dissolution of the Soviet Union in
1991. These events triggered a severe and multifaceted
sociopolitical crisis, leading to widespread institutional
collapse, the disintegration of state-supported healthcare
and social welfare systems, and a sharp contraction in
real wages. The population experienced sudden exposure
to market-driven economic forces, which brought about
rising unemployment, income inequality, food insecu-
rity, and restricted access to medical services. This sys-
temic destabilization contributed to a dramatic increase
in mortality and a significant drop in life expectancy
during the 1990s. The nutritional landscape also shifted:
traditional food supply chains were disrupted, and many
households experienced caloric insufficiency or adopted
cheaper, lower-quality diets. Taken together, these factors
likely exerted substantial biological stress on the popula-
tion, contributing to the observed stagnation and fluctua-
tions in BMI during this period.

One possible explanation for the recent decrease in
average BMI among young females is the influence of
sociocultural factors—specifically dominant aesthetic
ideals related to body image. Throughout the twenti-
eth century and into the present, Western cultures have
promoted a thin ideal characterized by a slender phy-
sique with minimal body fat [46, 47]. In the twenty-first
century, this has been complemented by the rise of the
athletic or “fit” ideal, which emphasizes muscularity
alongside leanness [47-50]. Despite this shift, both ide-
als share an emphasis on low body fat, indicating that
the cultural preoccupation with thinness remains strong.
Some studies have suggested that sex-specific differences
in the variability of BMI may be linked to distinct genetic
factors influencing this trait in males and females [51]. In
China, for example, a more pronounced increase in male
BMI has been observed in recent decades. This trend has
been attributed to external factors that disproportion-
ately affect males, such as higher alcohol consumption
and more frequent eating outside the home [52]. How-
ever, other studies report that obesity is more prevalent
among females, while males more often fall into the over-
weight (but not obese) category [53]. This observation
does not fully align with the aforementioned hypotheses,
and the cited study does not offer a clear explanation for
this discrepancy.

Young females internalize these sociocultural stand-
ards through socialization and often engage in efforts to
modify their appearance, body composition, or somatic
characteristics to conform to socially accepted ideals of
beauty and bodily aesthetics.

An analysis of linear relationships revealed extremely
strong—almost absolute—associations between certain
socio-economic indicators and body composition. For
instance, variables such as infant mortality and average
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monthly per capita income exhibited correlation coef-
ficients with BMI approaching unity. In biological
research, correlations of this magnitude typically suggest
a functional relationship between variables. In the pre-
sent context, however, such high correlations may reflect
the use of approximated rather than directly measured
BMI values in some of the literature sources. As a result,
including these indicators in the current modeling frame-
work would be methodologically inappropriate, and they
were therefore excluded from the analysis.

Among the remaining variables, the strongest associa-
tions with BMI were observed for urban population size,
life expectancy, and mortality rate; for females, average
daily caloric intake from animal protein also showed a
meaningful relationship with BMI. However, while life
expectancy and mortality appear strong in levels, their
effects attenuate once temporal trends are controlled,
whereas urbanization remains the most consistent cor-
relate across specifications. Life expectancy and mortal-
ity rate are both broadly indicative of population health
status, which is also reflected in BMI. Interestingly, both
variables demonstrated positive correlations with BML
At lower BMI levels, increases in BMI are generally asso-
ciated with improved health outcomes, including reduced
mortality and increased life expectancy. However, at
higher BMI levels—indicative of excessive fat accumula-
tion or obesity, the trend may reverse, with elevated BMI
corresponding to increased mortality and reduced life
expectancy. Excessive BMI is a well-documented risk fac-
tor for a range of metabolic disorders and is associated
with shorter life expectancy [54]. Conversely, a decline
in BMI below normal values may indicate deteriorating
living conditions, which may also be linked to increased
mortality and reduced life expectancy [55].

The relatively weak associations between nutritional
indicators and BMI may appear counterintuitive, as
dietary intake is generally assumed to directly influence
fat accumulation. However, this likely reflects limita-
tions in the available proxies, which are based on supply
side, protein-focused aggregates rather than total caloric
intake, fats, sugars, ultra-processed foods, or energy bal-
ance. At the ecological, annual scale used here—and for
19 years old whose BMI reflects cumulative exposures—
these proxies offer limited predictive power once urbani-
zation, demographic composition, and shared temporal
trends are controlled for. Thus, our findings do not imply
that nutrition has little effect on BMI but rather that
the indicators used do not fully capture relevant dietary
influences.

Based on the findings of this study, increases in indica-
tors related to life expectancy are associated with rising
BMI values in the Russian population. However, the rate
and direction of BMI change differ between males and

Page 17 of 21

females. Previous research has highlighted the complex-
ity of the relationship between BMI and life expectancy,
with some studies reporting that higher BMI is associ-
ated with lower mortality risk [56]. These findings chal-
lenge the widely held view that higher BMI is consistently
linked to increased mortality risk in adult populations.

The relationship between urban population size and
BMI is less clear-cut. It may be hypothesized that urban
areas are home to a greater proportion of individuals
with higher socio-economic status and income, which
could influence BMI levels. While some studies have
found that urbanization is associated with increasing
BMI [57, 58], others report an inverse relationship [59].
Although urbanization indicators consistently emerged
as statistically robust predictors across model specifica-
tions, the strength of the association—measured by the
size of the coefficients—was modest in both males and
females. Moreover, the direction of the effect differed
by sex, suggesting that the influence of urban popula-
tion share on BMI may interact with other sex-specific or
contextual factors. However, these differences were not
formally tested for statistical significance, so at this stage
they should be interpreted only as indicative trends. In
our models, the urbanization association was negative for
males and small and specification-sensitive for females.

According to the regression models, increases in the
urban population were associated with a slight decrease
in BMI among males and a slight increase among females.
These divergent trends may reflect the largely random
fluctuations in the urban population variable over the
study period, as suggested by the very small coefficients
observed in the regression equations. In recent dec-
ades, the urban population in Russia has remained rela-
tively high and stable, and its variability may no longer
meaningfully correspond to BMI trends. It is likely that
stronger associations between urbanization and body
composition were more pronounced in earlier historical
periods, such as the first half of the twentieth century.

The relationship between living conditions and BMI
has been documented in numerous studies. In high-
income countries, an inverse relationship is often
observed between BMI and socio-economic status,
typically explained by differences in dietary habits and
access to physical activity [60—62]. In the present study,
the negative association between BMI and urban popu-
lation levels among young males may be interpreted
along similar lines.

One explanation for changes in BMI in response to life-
style transformations is provided by the nutrition in tran-
sition model developed by Barry Popkin [63]. This model
describes successive stages of human societal develop-
ment in terms of shifts in dietary structure. At present,
we are situated in the globalization stage, characterized



Negasheva et al. Journal of Physiological Anthropology (2025) 44:34

by widespread availability of energy-dense foods and a
departure from traditional diets. A defining feature of
this stage is the transition from agrarian to industrial
economies, which has led to declining physical activity
across many occupations worldwide [63]. The findings of
the present study are consistent with this framework.

Another model, developed to forecast the stabilization
of BMI in the USA, suggests that increases in BMI—spe-
cifically the growing prevalence of obesity—are primar-
ily a function of birthrate and the probability of being
born into an obesogenic environment [64]. According to
this model, other external factors have relatively limited
influence on rising BMI, and irrespective of their trajec-
tory, BMI is projected to reach a plateau in the USA by
approximately 2030.

In several Asian countries, such as China, an increase
in BMI over the past 50 years has been linked to socio-
economic development and improved living standards
[65]. In contrast, studies on secular trends in BMI in
the USA have shown that in recent decades, the asso-
ciation between BMI and socio-economic indicators
has weakened [66]. These findings are broadly consist-
ent with the results of the current study. Some studies
have questioned whether rising economic prosperity,
improvements in healthcare, and better nutrition are the
predominant external drivers of increases in body height.
Instead, more compelling evidence has been found for
associations with political freedom, hope for a better
future, and expectations of social progress [67]. Given the
direct relationship between height and BM]I, it is reason-
able to hypothesize that BMI may also, to some extent, be
influenced by these broader societal processes.

Previous research on youth in Moscow has revealed
a positive association between BMI and various socio-
economic indicators, including GDP per capita, average
monthly income, and the Gini index [26]. Across differ-
ent global regions, changes in social and economic condi-
tions are often accompanied by shifts in BMI, although
the direction and strength of these associations vary by
context. In some countries, BMI has increased in both
males and females [9, 10]. In Finland, BMI has risen in
males but declined in females, while in England and Scot-
land BMI has increased in females but remained stable
in males [68, 69]. Design differences likely account for
some divergent findings: our analysis uses ecological
and national time-series data, whereas many compara-
tors rely on individual-level cross-sectional or cohort
designs; effect sizes are therefore not directly compara-
ble. Together, these findings underscore the complexity
and variability of BMI as an indicator and highlight its
context-dependent associations, as also observed in the
present study.
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Recent scientific literature includes several pilot stud-
ies presenting theoretical models of BMI variability as
a natural process, influenced by external factors. These
studies suggest that the pattern of BMI change represents
a balance between a natural physiological state and ran-
dom fluctuations, driven by environmental influences. In
other words, heavier individuals tend to become lighter
over time, while lighter individuals tend to gain weight
year over year [70]. This model may help explain the
more modest BMI increase observed among females in
the present study. In 2016, the average BMI for females
was 26.7, which falls within the overweight category. A
substantial increase beyond this level is unlikely, as it
would imply a further deviation from conventionally
defined normative values.

Based on the results of our analysis, and a review of
previous studies, we can conclude that socio-economic
indicators play a differentiated role in the long-term vari-
ability of BMI. However, it is important to note that their
overall predictive power remains relatively limited [59].
As shown in the “Results” section, urbanization meas-
ures were the most persistent correlates across specifi-
cations, whereas life expectancy and mortality appeared
strong in levels but attenuated after trend adjustments.
Among all the factors examined, we therefore do not
characterize life expectancy and mortality as “strong-
est predictors” in adjusted models; rather, they reflect
shared long-run movement with BMI. Overall, our find-
ings underscore the importance of explicitly addressing
temporal structure when linking BMI trends to broader
societal changes. By integrating time-series techniques
into health and demographic research, future studies can
better isolate enduring relationships from historical coin-
cidence—and improve the reliability of long-term predic-
tions under conditions of socio-economic transition.

Finally, we emphasize that the models presented here
are designed to capture macro-level associations between
socio-economic dynamics and BMI trends in the Russian
population. They are not intended to infer individual-
level causal relationships. All interpretations are accord-
ingly framed at the population level, consistent with the
ecological nature of the data. Recognizing this bound-
ary helps avoid ecological fallacy and ensures that the
findings are situated appropriately within the context of
demographic and public health modeling.

Limitations

This study has several important limitations. First,
it relies on aggregate-level national time-series data,
which are inherently nonstationary and autocorrelated.
Although we applied differencing, ARDL, and smooth-
trend adjustments, achieving full stationarity was not
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always possible, and, in some cases, detrending would
have removed the long-run dynamics of interest.

Second, BMI values were drawn from smoothed esti-
mates in international databases, limiting their short-
term variability and potentially inflating correlations with
similarly trended socio-economic series.

Third, the final regression models were estimated on a
relatively small sample (N&40 years) after multistage pre-
dictor selection. Even with cross-validation and alterna-
tive modeling approaches, the high in-sample R? (>0.95)
raises the possibility of overfitting, and the coefficients
should be interpreted with this in mind. Standard errors
and p-values were not adjusted for post-selection infer-
ence. Reporting cross-validated R? alongside in-sample
fit would further mitigate this concern in future work.

Fourth, several potentially relevant covariates—such as
education levels, healthcare access, and detailed dietary
composition—were excluded due to incomplete his-
torical data, introducing possible residual confounding.
Additionally, the socio-economic predictors themselves
are subject to historical measurement and estimation
error, particularly in earlier decades.

Fifth, all relationships described are ecological and
population level; they cannot be assumed to hold at the
individual level. The models capture linear associations
and do not test for potential nonlinear or threshold
effects in BMI responses.

Finally, the projections are conditional scenarios that
assume continuity of recent socio-economic trends.
They cannot account for sudden policy, environmen-
tal, or demographic shocks (e.g., pandemics) and should
be interpreted as illustrative rather than deterministic
forecasts.

Conclusions
Over four decades, BMI trends in 19-year-old Rus-
sians have evolved in parallel with broad demographic
and socio-economic changes. After rigorous time-series
adjustments, only a small subset of predictors proved
consistently robust: urbanization indicators, particularly
the share of the urban population, maintained statisti-
cally stable associations across specifications (negative in
males; small and model sensitive in females), albeit with
modest effect sizes. Demographic indicators such as life
expectancy and mortality retained positive associations
with male BMI in dynamic models but attenuated or dis-
appeared under smooth-trend controls and were weak or
absent in female models. National-level nutrition proxies
contributed little explanatory power, likely due to their
coarse resolution rather than true lack of influence.
Under a baseline scenario—assuming continuity of
recent socio-economic patterns without major disrup-
tions—the models project a modest BMI increase by
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2050, reaching approximately 26.6 kg/m? in males and
26.7 kg/m? in females. These forecasts use only informa-
tion available at time t (lagged predictors/nowcasts) and
are conditional on the assumed trajectories of exogenous
variables; they are scenario based rather than uncondi-
tional predictions.

Methodologically, this work demonstrates a trans-
ferable framework for analyzing short, nonstationary
national time series by combining multiple model forms,
robust variable selection, bootstrap inference, and genu-
ine out-of-sample validation. Substantively, it highlights
that in the Russian context, macrodemographic structure
is a more consistent correlate of adolescent BMI trends
than national-scale nutrition indicators.

Given the modest effect sizes for the most robust
predictors, the findings emphasize the importance of
distinguishing statistical stability from magnitude of
association and of incorporating finer-grained behav-
ioral, dietary, and environmental data in future studies.
Such integration will be essential for clarifying causal
pathways and improving the precision of long-term
health forecasting.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/540101-025-00415-5.

Supplementary Material 1: Table S1. Pearson correlation coefficients
among socio-economic indicators in Russia. Table S2. Model Diagnostics
Summary for BMI Regression Models. Table S3. Augmented Dickey—Fuller
Test Results. Table S4. One-step-ahead rolling-origin forecast errors (31 test
years, 1986-2016). Table S5. Bootstrap Summary.

Acknowledgements
Not applicable

Authors’ contributions

M.N. conceived the idea. M.N., and AK. designed the study, collected, and ana-
lyzed the data. OK. performed the statistical analysis and interpretation and
prepared the figures. OK. wrote the first draft of the manuscript. M.N. and AM.
drafted and revised the manuscript, edited the manuscript for intellectual con-
tent, and provided critical comments on the manuscript. All authors provided
critical feedback and helped shape the research, analysis, and manuscript. All
authors have given final approval for the version to be published.

Funding
The study has been sponsored by the Russian Science Foundation (grant
23-18-00086).

Data availability

The data that support the findings of this study are available from the cor-
responding author (AM), upon reasonable request.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.


https://doi.org/10.1186/s40101-025-00415-5
https://doi.org/10.1186/s40101-025-00415-5

Negasheva et al. Journal of Physiological Anthropology

(2025) 44:34

Competing interests
The authors declare no competing interests.

Author details
'Department of Anthropology, Lomonosov State University, Moscow, Russia.

Received: 26 April 2025 Accepted: 6 November 2025
Published online: 29 December 2025

References

1.
2.

3.

Eston RG. Editorial. J Sports Sci. 2002;20(7):515-8.

Blackburn H, Jacobs D. Commentary: Origins and evolution of BMI: con-
tinuing saga. Int J Epidemiol. 2014;43(3):665-9.

Zhu Q, Huang B, Li Q, et al. Body mass index and waist-to-hip ratio
misclassification of overweight and obesity in Chinese military
personnel. J Physiol Anthropol. 2020;39(24). https://doi.org/10.1186/
540101-020-00236-8.

Nevill AM, Stewart AD, Olds T, Holder R. Relationship between adipos-
ity and body size reveals limitations of BMI. Am J Phys Anthropol.
2006;129(1):151-6.

Prentice AM, Jebb SA. Beyond body mass index. Obes Rev.
2001;2(3):141-7.

Fishman B, Zloof Y, Orr O, Tsur AM, Furer A, Omer M, et al. Secular trends
of body mass index and blood pressure during 1977-2020; nationwide
registry of 2.8 million adolescents. J Hypertens. 2022;40(Suppl 1):€22-3.
Norris T, Hamer M, Hardy R, Li L, Ong KK, Ploubidis GB, et al. Changes over
time in latent patterns of childhood-to-adulthood BMI development in
Great Britain: evidence from three cohorts born in 1946, 1958, and 1970.
BMC Med. 2021;19(1):.96.

Topgu S, Simsek Orhon F, Ulukol B, Baskan S. Secular trends in height,
weight and body mass index of primary school children in Turkey
between 1993 and 2016. J Pediatr Endocrinol Metab. 2017;30(11).
Midthjell K, Kriiger O, Holmen J, Tverdal A, Claudi T, Bjorndal A, et al. Rapid
changes in the prevalence of obesity and known diabetes in an adult
Norwegian population. The Nord-Trgndelag Health Surveys: 1984-1986
and 1995-1997. Diabetes Care. 1999;22(11):1813-20.

Rosengren A, Eriksson H, Larsson B, Svardsudd K, Tibblin G, Welin L, et al.
Secular changes in cardiovascular risk factors over 30 years in Swedish
men aged 50: the study of men bornin 1913, 1923, 1933 and 1943.J
Intern Med. 2000;247(1):111-8.

. Finucane MM, Stevens GA, Cowan MJ, Danaei G, Lin JK, Paciorek CJ, et al.

National, regional, and global trends in body-mass index since 1980:
systematic analysis of health examination surveys and epidemiologi-

cal studies with 960 country-years and 9-1 million participants. Lancet.
2011,377(9765):557-67.

Ng M, Fleming T, Robinson M, Thomson B, Graetz N, Margono C, et al.
Global, regional, and national prevalence of overweight and obesity

in children and adults during 1980-2013: a systematic analysis for the
Global Burden of Disease Study 2013. Lancet. 2014,384(9945):766-81.
Bielicki T, Szklarska A, Welon Z, Rogucka E. Variation in body mass index
among Polish adults: effects of sex, age, birth cohort, and social class. Am
J Phys Anthropol. 2001;116(2):166-70.

Williams SM, Taylor RW, Taylor BJ. Secular changes in BMI and the associa-
tions between risk factors and BMI in children born 29 years apart. Pediatr
Obes. 2013;8(1):21-30.

Katzmarzyk PT, Leonard WR. Climatic influences on human body size

and proportions: ecological adaptations and secular trends. Am J Phys
Anthropol. 1998;106(4):483-503.

Little BB, Pefia Reyes ME, Malina RM. Tracking anthropometric dimen-
sions and grip strength among children, adolescents and adults in an
indigenous community of southern Mexico: 1968-1978-2000. Am J Biol
Anthropol. 2024;185(3).

Kutac P, BuncV, Buzga M, Krajcigr M, Sigmund M. The effect of regular
running on body weight and fat tissue of individuals aged 18 to 65. J
Physiol Anthropol. 2023;42(1).

NCD Risk Factor Collaboration (NCD-RisC). Trends in adult body-mass
index in 200 countries from 1975 to 2014 a pooled analysis of 1698
population-based measurement studies with 19-2 million participants.
Lancet. 2016;387(10026):1377-96.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

9.

Page 20 of 21

NCD Risk Factor Collaboration (NCD-RisC). Height and body-mass

index trajectories of school-aged children and adolescents from

1985 to 2019 in 200 countries and territories: a pooled analysis of

2181 population-based studies with 65 million participants. Lancet.
2020;396(10261):1511-24.

NCD Risk Factor Collaboration (NCD-RisC). Worldwide trends in
body-mass index, underweight, overweight, and obesity from 1975

to 2016: a pooled analysis of 2416 population-based measurement
studies in 128-9 million children, adolescents, and adults. Lancet.
2017,390(10113):2627-42.

Lehmann A, Floris J, Woitek U, Ruhli FJ, Staub K. Temporal trends, regional
variation and socio-economic differences in height, BMI and body
proportions among German conscripts, 1956-2010. Public Health Nutr.
2017,20(3):391-403.

Schénbeck Y, Talma H, van Dommelen P, Bakker B, Buitendijk SE, HiraSing
RA, et al. Increase in prevalence of overweight in Dutch children and
adolescents: a comparison of nationwide growth studies in 1980, 1997
and 2009. PLoS ONE. 2011;6(11):e27608.

Kalka E, Pastuszak A, Busko K. Secular trends in body height, body weight,
BMI and fat percentage in Polish university students in a period of 50
years. PLoS ONE. 2019;14(8):e0220514.

Kotodziej H, topuszariska M, Lipowicz A, Szklarska A, Bielicki T. Secular
trends in body height and body mass in 19-year-old Polish men based on
six national surveys from 1965 to 2010. Am J Hum Biol. 2015;27(5):704-9.
Godina EZ, Khomyakova IA, Zadorozhnaya LV. Patterns of growth and
development in urban and rural children of the northern part of Euro-
pean Russia. Archaeol Ethnol Anthropol Eurasia. 2017;45(1):146-56.
Negasheva MA, Khafizova AA, Movsesian AA. Secular trends in height,
weight, and body mass index in the context of economic and political
transformations in Russia from 1885 to 2021. Am J Hum Biol. 2024:36(2).
Fedotova TK, Gorbacheva AK. Prolonged temporal dynamics of somatic
traits during adolescence and youth. Meta-analysis based on data from
Russia and former USSR (1880s-2010s). Moscow University Anthropol-
ogy Bulletin (Vestnik Moskovskogo Universiteta Seria XXIIl Antropologia).
2020;(1):16-24.

Pastor-Fajardo MT, Bosch-Giménez VM, Larqué E, Solano Navarro C,
Fuentes-Castellé MA, Pastor-Rosado J. Prevalence and secular trend of
childhood overweight and obesity in a Mediterranean area of southeast
Spain. Child and Adolescent Obesity. 2020;3(1):136-49.

Kryst t, Zeglen M, Woronkowicz A, Kowal M. Body height, weight, and
body mass index — magnitude and pace of secular changes in children
and adolescents from Krakéw (Poland) between 1983 and 2020. Am J
Hum Biol. 2022;34(9).

Nagashima Y, Inokuchi M, Sato Y, Hasegawa T. Underweight in young
Japanese women over time: a longitudinal retrospective study of the
change in body mass index from ages 6 to 20 years. Ann Hum Biol.
2024,51(1).

Mirinov BN. Dynamics of Russian men height in the 20th century and its
factors based on the results of big data analysis: methodological aspects.
Moscow University Anthropology Bulletin (Vestnik Moskovskogo Univer-
siteta Seria XXIIl Antropologia). 2025;2(N°2, 2025):5-16.

Revelle W. psych: procedures for psychological, psychometric, and per-
sonality research. Evanston, lllinois; 2021. Available from: https://cran.r-
project.org/package=psych.

Friedman J, Hastie T, Tibshirani R. Regularization paths for generalized
linear models via coordinate descent. J Stat Softw. 2010;33(1).

Tay JK, Narasimhan B, Hastie T. Elastic net regularization paths for all
generalized linear models. J Stat Softw. 2023;106(1).

Liland KH, Mevik BH, Wehrens R. PLS: partial least squares and principal
component regression. CRAN: Contributed Packages. 1999.

R Core Team. R: a language and environment for statistical computing.
Vienna, Austria; 2013.

Sanchez G. plsdepot: partial least squares (PLS) data analysis methods.
CRAN: Contributed Packages. 2012.

Pyatigorskaya A. The UN has predicted that Russia’s population will shrink
by 14 million people by 2050. 2018. https://www.pnp.ru/social/oon-
sprognozirovala-sokrashhenie-naseleniya-rossii-na-14-min-chelovek-k-
2050-godu.html.

Federal State Statistics Service. Demographics. 2023. https://rosstat.gov.
ru/folder/12781.


https://doi.org/10.1186/s40101-020-00236-8
https://doi.org/10.1186/s40101-020-00236-8
https://cran.r-project.org/package=psych
https://cran.r-project.org/package=psych
https://www.pnp.ru/social/oon-sprognozirovala-sokrashhenie-naseleniya-rossii-na-14-mln-chelovek-k-2050-godu.html
https://www.pnp.ru/social/oon-sprognozirovala-sokrashhenie-naseleniya-rossii-na-14-mln-chelovek-k-2050-godu.html
https://www.pnp.ru/social/oon-sprognozirovala-sokrashhenie-naseleniya-rossii-na-14-mln-chelovek-k-2050-godu.html
https://rosstat.gov.ru/folder/12781
https://rosstat.gov.ru/folder/12781

Negasheva et al. Journal of Physiological Anthropology

40.
41.
42.

43.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

(2025) 44:34

Bogin B. Social-economic-political-emotional (SEPE) factors regulate
human growth. Human Biology and Public Health. 2021;22:1.

Scheffler C, Hermanussen M. Stunting is the natural condition of human
height. Am J Hum Biol. 2022;34(5).

Perkins JM, Subramanian SV, Davey Smith G, Ozaltin E. Adult height, nutri-
tion, and population health. Nutr Rev. 2016;74(3):149-65.

Lebedeva L, Godina E. The impact of hygienic living conditions on the
differentiation of male body height at the beginning of the twentieth
century in the USSR. J Physiol Anthropol. 202443(1):20. Available from:
https://doi.org/10.1186/540101-024-00367-2.

Khafizova AA, Negasheva MA, Ivanova EA, Sineva IM, Gavryushin MYu,
Voronina IY. Spatial and temporal variability of the adult human height

of men and women from different regions of Russia in the 1900s-2000s.
BecrHuk anrpononoruu (Herald of Anthropology). 2025;43(4):291-305.
Available from: https://journals.iea.ras.ru/vestantrop/article/view/1394/1765.
Kim R, Lippert AM, Wedow R, Jimenez MP, Subramanian SV. The relative
contributions of socioeconomic and genetic factors to variations in body
mass index among young adults. Am J Epidemiol. 2020;189(11):1333-41.
Owen PR, Laurel-Seller E. Weight and shape ideals: thin is dangerously in.
J Appl Soc Psychol. 2000;30(5):979-90.

Donovan CL, Uhlmann LR, Loxton NJ. Strong is the new skinny, but is it
ideal? A test of the tripartite influence model using a new measure of
fit-ideal internalisation. Body Image. 2020;35:171-80.

Bozsik F, Whisenhunt BL, Hudson DL, Bennett B, Lundgren JD. Thin is in?
Think again: the rising importance of muscularity in the thin ideal female
body. Sex Roles. 2018;79(9-10):609-15.

Uhlmann LR, Donovan CL, Zimmer-Gembeck MJ, Bell HS, Ramme RA.
The fit beauty ideal: a healthy alternative to thinness or a wolf in sheep’s
clothing? Body Image. 2018;25:23-30.

Wagner AF, Bennett BL, Stefano EC, Latner JD. Thin, muscular, and fit-
ideals: prevalence and correlates in undergraduate women. J Am Coll
Health. 2022;70(8):2476-82.

Schousboe K, Willemsen G, Kyvik KO, Mortensen J, Boomsma DI, Cornes
BK, et al. Sex differences in heritability of BMI: a comparative study of
results from twin studies in eight countries. Twin Res. 2003;6(5):409-21.
Ouyang Y, Wang H, Su C, DuW, Wang Z, Zhang B.Why is there

gender disparity in the body mass index trends among adults in the
1997-2011 China health and nutrition surveys? Asia Pac J Clin Nutr.
2015;24(4):692-700.

Mascie-Taylor CGN, Goto R. Human variation and body mass index: a
review of the universality of BMI cut-offs, gender and urban-rural differ-
ences, and secular changes. J Physiol Anthropol. 2007;26(2):109-12.
Serensen TIA, Brown JC, Jergensen TSH. Obesity and mortality. In:
Handbook of Obesity, Two-Volume Set. Boca Raton: CRC Press; 2024. p.
Vol1:451-Vol1:459.

Mestre LM, Lartey ST, Ejima K, Mehta T, Keith S, Maki KC, et al. Body mass
index, obesity, and mortality— Part |. Nutr Today. 2023;58(3):92-9.

Wiebe N, Lloyd A, Crumley ET, Tonelli M. Associations between body
mass index and all-cause mortality: a systematic review and meta-analy-
sis. Obesity Reviews. 2023;24(10).

Pourfarzi F, Rezaei S, Zahirian Moghadam T, Zandian H, Dibazar F. The
socio-economic inequality in body mass index: a PERSIAN cohort-based
cross-sectional study on 20,000 Iranian adults. BMC Endocr Disord.
2022;22(1):178.

Wang W, Qiu L, Sa R, Dang S, Liu F, Xiao X. Effect of socioeconomic
characteristics and lifestyle on BMI distribution in the Chinese popula-
tion: a population-based cross-sectional study. BMC Public Health.
2021;21(1):1369.

Wright L, Staatz CB, Silverwood RJ, Bann D. Trends across time in socio-
economic differences in body mass index: a comparison of population
and individual-level approaches. 2023.

Stam-Moraga M, Kolanowski J, Dramaix M, De Henauw S, De Bacquer D,
De Backer G, et al. Trends in the prevalence of obesity among Belgian
men at work, 1977-1992. Int J Obes. 1998;22(10):988-92.

McGee DL. Weight-height relationships and body mass index: some
observations from the diverse populations collaboration. Am J Phys
Anthropol. 2005;128(1):220-9.

Hoebel J, Kuntz B, Kroll LE, Schienkiewitz A, Finger JD, Lange C, et al.
Socioeconomic inequalities in the rise of adult obesity: a time-trend
analysis of national examination data from Germany, 1990-2011. Obes
Facts. 2019;12(3):344-56.

64.

65.

66.

67.

68.

69.

70.

Page 21 of 21

. Popkin BM. Nutrition in transition: the changing global nutrition chal-

lenge. Asia Pac J Clin Nutr. 2001;10(s1).

Thomas DM, Weedermann M, Fuemmeler BF, Martin CK, Dhurandhar
NV, Bredlau C, et al. Dynamic model predicting overweight, obesity, and
extreme obesity prevalence trends. Obesity. 2014,22(2):590-7.

JiC, ChenT. Secular changes in stature and body mass index for
Chinese youth in sixteen major cities, 1950s-2005. Am J Hum Biol.
2008;20(5):530-7.

Zhang Q,Wang Y. Trends in the association between obesity

and socioeconomic status in U.S. adults: 1971 to 2000. Obes Res.
2004;12(10):1622-32.

Scheffler C, Groth D, Hermanussen M. Political liberation, hope, and social
competition are the motor of secular trends in height. Am J Hum Biol.
2025. https://doi.org/10.1002/ajhb.70095.

Jalkanen L, Tuomilehto J, Nissinen A, Puska P. Changes in body mass
index in a Finnish population between 1972 and 1982. J Intern Med.
1989;226(3):163-70.

Gulliford MC, Rona RJ, Chinn S. Trends in body mass index in young
adults in England and Scotland from 1973 to 1988. J Epidemiol Com-
munity Health (1978). 1992;46(3):187-90.

Lang JC, De Sterck H, Abrams DM. The statistical mechanics of human
weight change. PLoS ONE. 2017;12(12):e0189795.

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


https://doi.org/10.1186/s40101-024-00367-2
https://journals.iea.ras.ru/vestantrop/article/view/1394/1765
https://doi.org/10.1002/ajhb.70095

	A theoretical model of secular body mass index dynamics among Russian adults under changing socio-economic conditions
	Abstract 
	Background 
	Materials and methods 
	Results 
	Conclusions 

	Background
	Materials and methods
	Statistical analysis
	First-difference model
	Dynamic model (ARDL(1,0))
	Smooth-trend model


	Results
	Model A — First-difference specification (Δ)
	Model B — Dynamic specification with a lagged dependent variable (ARDL [1,0])
	Model C—Smooth-trend specification

	Discussion
	Limitations
	Conclusions
	Acknowledgements
	References


