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Abstract

Background: Analyzing children’s weight growth trajectories is essential for identifying health
risks in low- and middle-income countries This study aimed to analyze non-linear weight growth
trajectories in children aged 1-15 years across Ethiopia, India, Peru, and Vietnam, using longitudi-
nal data from the Young Lives Study (2002-2016). The study also evaluated the impact of socio-

demographic factors on children’s growth patterns.

Methods: Longitudinal data were used from the Young Lives Study, which tracked 7,140 children
across five time points. Data on weight, socio-economic status, gender, and residence were collect-
ed. The analysis employed Latent Growth Curve Modelling using R software to capture non-linear
weight trajectories and evaluate the impact of socio-demographic factors such as gender, resi-

dence, and country on growth patterns.

Results: The Latent Growth Curve model revealed significant effects of latent variables on chil-
dren’s weight growth trajectories, including baseline weight (9.726, P < 0.001), growth accelera-
tion (0.172, P < 0.001), and deceleration (-4.507, P < 0.001). Peruvian children exhibited the high-
est baseline weight (1.012, P < 0.001) and steepest growth acceleration (0.034, P < 0.001), fol-
lowed by Vietnamese children with higher baseline weights (0.590, P < 0.001) and faster growth
(0.024, P < 0.001). Ethiopian children showed slower growth (-0.012, P < 0.001). Female children
had lower baseline weights (-0.519, P < 0.001), and rural children exhibited lower baseline
weights (-0.635, P < 0.001) along with slower growth rates (-0.023, P < 0.001).

Conclusion: Latent Growth Curve Modelling effectively captured non-linear weight trajectories

and revealed significant socio-demographic disparities. These findings highlight the importance of
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addressing nutritional challenges, gender inequities, and rural-urban gaps in low- and middle-

income countries to improve child health outcomes.

Keywords: Children’s Weight Trajectories, Latent Growth Curve Modelling, Cross-Country

Study

Introduction

Analyzing children’s weight growth trajecto-
ries is crucial for assessing health and develop-
ment, particularly in low- and middle-income
countries (LMICs). These trajectories reflect
the impact of nutritional and environmental
factors and are essential for identifying risks
such as undernutrition, stunting, or obesity,
which have significant long-term health impli-
cations (1, 2). In LMICs, disparities in income,
rural-urban divides, and limited access to
healthcare contribute to variations in growth
patterns, making it important to examine these
trajectories across diverse socio-economic con-
texts (3, 4). Understanding these differences
helps in identifying vulnerable populations and
informing public health interventions aimed at
improving child growth outcomes.

Many studies have traditionally used simple
models, such as growth percentiles or cross-
sectional data, which fail to capture the dynam-
ic, longitudinal nature of children’s growth pat-
terns. Recent advances in statistical modelling,
particularly Latent Growth Curve Modelling
(LGCM), offer a more sophisticated approach
to studying the trajectories of weight growth
over time. LGCM allows researchers to analyze
changes over time and account for latent varia-
bles, providing a deeper understanding of the

underlying dynamics of growth (5-7). By incor-

porating these advanced methods, it becomes
possible to better understand how children's
weight growth evolves in response to socio-
demographic and environmental factors.

This study utilized LGCM to analyze the
weight growth trajectories of children aged 1
to 15 years across Ethiopia, India, Peru, and
Vietnam, using longitudinal data collected
over 15 years. Specifically, the study focused
on three objectives: (1) analyzing non-linear
weight growth trajectories using the LGCM
approach, (2) examining the role of socio-
demographic factors such as country, gender,
and residence in influencing these trajecto-
ries, and (3) identifying latent variables, such
as baseline weight and growth rates, to under-
stand how patterns differ across socio-
economic contexts (7, 8). By addressing these
objectives, this research offers critical in-
sights into the timing and nature of transitions
in children’s weight growth, providing valua-
ble evidence to guide public health policies
aimed at reducing malnutrition and promoting
equitable growth in LMICs (9, 10).

Methods

Study design and data source

This study utilized longitudinal data from the
Young Lives Study, conducted between 2002
and 2016 across four LMICs: Ethiopia, India,

Peru, and Vietnam. The dataset includes
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comprehensive socio-economic, demographic,
and anthropometric measures collected at five
time points, corresponding to children’s aver-
age ages of 1, 5, 8, 12, and 15 years. A total of
7,140 children met the inclusion criteria of be-
ing aged 6—18 months at baseline and having
complete weight measurements across all five
survey rounds. And, children with incomplete
weight measurements across all five rounds
were excluded. Key measurements included
children’s weight at each time point, with socio
-demographic  factors such as country
(Ethiopia, India, Peru, Vietnam), gender (male
or female), and residence (urban or rural) inte-
grated as covariates. These data provided a
unique opportunity to analyze non-linear
weight growth trajectories and evaluate factors
influencing growth patterns across diverse
LMIC settings (11-13).

Study outcomes and criteria

The primary outcome of this study was to ana-
lyze children’s non-linear weight growth trajec-
tories using LGCM, focusing on baseline
weight, growth rate, and deceleration. The sec-
ondary outcome aimed to assess the influence
of socio-demographic factors, including coun-
try, gender, and residence, on these growth tra-
jectories. Inclusion criteria required children
aged 6-18 months at baseline with complete
weight measurements across all five rounds of
data collection (2002-2016). Children outside
this age range or with missing weight measure-
ments in any round were excluded from the

analysis.

Statistical analysis

LGCM was employed to analyze longitudinal
weight trajectories, offering a robust frame-
work for capturing individual growth patterns
and variability over time. This approach mod-
elled initial weight (intercept) and rate of
change (slope) while incorporating socio-
demographic covariates such as country, gen-
der, and residence to assess their influence on
growth trajectories (14, 15). A fractional pol-
ynomial method was applied within LGCM to
account for non-linear growth patterns, ad-
dressing the complexity of weight changes
across diverse socio-economic contexts (16,
17).

The general form of the latent growth curve

model is expressed as:

P
Fi.t = C{i. +Z B“_ Mtp + Ei.t’
i=1

e yi: Observed outcome (weight) for the
individual at time .

e o : Growth intercept (baseline weight)
at age 1 year.

e [ : Growth rate coefficients for differ-
ent trajectory components (linear or non-
linear).

e M7 : Factor loadings defining the func-
tional form of growth trajectory (linear,

quadratic, or fractional polynomial).

e Fit: Residual error for the individual at

time t.
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The parameters were estimated using maxi-
mum likelihood methods, with goodness-of-fit
indices such as Comparative Fit Index
RMSEA (CFI), Tucker-Lewis Index (TLI),
and Root Mean Square Error of Approxima-
tion (RMSEA) guiding model evaluation. The
lavaan package in R software ensured accurate
handling of longitudinal data, enabling nu-
anced insights into the dynamic interaction of
socio-demographic factors shaping children’s
weight growth trajectories (18, 19).

Results

Descriptive statistics

The data provided an overview of the distribu-
tion of children and observations across socio-

demographic groups in the five-round longitu-

dinal study. A total of 7,140 children contrib-
uted 35,000 observations. The highest propor-
tions of children and observations were from
India (26.1%) and Vietnam (25.9%), followed
by Peru (24.7%) and Ethiopia (23.3%). The
gender distribution showed a slight male dom-
inance, with males representing 52.2% of the
sample. In terms of residence, urban children
were more represented (62%) compared to
rural children (38%). This well-balanced de-
sign ensured broad representation across coun-
tries, genders, and residential areas, facilitat-
ing a comprehensive analysis of socio-
demographic factors influencing children’s

weight growth trajectories (Table 1).

Table 1: Distribution of children and observations by country, gender, and residence in the Young

Lives Study from 2002-2016 GC.

Covariate Category Number of Chil- Number of Observa- Percentage
dren tions

Country India 1,862 9,310 26.1
Ethiopia 1,665 8,325 23.3
Peru 1761 8,805 24.7
Vietnam 1852 9,260 259

Child’s Male 3,728 18,640 52.2

gender Female 3,412 17,060 47.8

Residence Urban 4,426 22,129 62
Rural 2,714 13,571 38

Total 7,140 35,700 100

Correlation and covariance of children’s
weight growth across ages

Table 2 shows the covariance and correlation
of children’s weight across five ages (1, 5, 8,
12, and 15 years). Weight variability increases

with age, peaking at Age 15, while correlations

10

strengthen over time, especially between Ages
12 and 15. Mean weight rises steadily from
8.35 kg at Age 1 to 46.61 kg at Age 15, with
the most significant growth occurring between
Ages 1 and 5. The data highlights a consistent

upward trend in weight and emphasizes the
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growing associations between weight at differ-

ent ages, suggesting that early growth has a

substantial impact on later weight develop-

ment.

Table 2: Correlation and covariance matrices for children's weight at ages 1, 5, 8, 12, and 15
years in the Young Lives Study from 2002-2016 GC.

Weight Age 1 Age 5 Age 8 Age 12 Age 15
Age 1 1.92 2.46 3.62 6.21 7.04
Age 5 0.66 7.29 10.18 17.44 18.48
Age 8 0.60 0.86 19.14 31.96 33.73
Age 12 0.52 0.74 0.84 75.71 73.83
Age 15 0.50 0.68 0.76 0.84 102.56
Mean 8.35 16.27 21.69 34.31 46.61

Exploratory data analysis of weight growth
trajectories

Exploratory data analysis reveals a non-linear
progression in mean weight gain over time,
with increasing variability in individual trajec-
tories, particularly in later years. This variabil-

ity likely reflects socio-demographic influ-

103
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ences, including country, gender, and resi-
dence. These findings underscore the im-
portance of using piecewise linear mixed-
effects models to analyze stage-specific
growth patterns and quantify the impact of
socio-demographic factors on weight trajecto-

ries (Figure 1).

12 15

Age (years)

Figure 1: Individual weight trajectories and mean growth trend (ages 1-15
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Models’ comparison

The fractional polynomial latent growth curve
(FPLGC) model with the loading matrix pro-
vided the best fit to the data compared to other
models with different loading matrices, based
on fit statistics. The structure of loading matrix

M, is as follows:

1 0 0

1 24 —0.96
M; =|1 63 —0.9844

1 143 —-0.9931

1 224 —-0.9956

Time scaling was adjusted to (M¢-1) and
(M¢2-1) (, enabling the estimation of the latent
intercept (weight at age 1), quadratic slope
(rate of weight change), and inverse quadratic
slope (slowing of weight growth). These matri-
ces represented growth trajectories across socio
-demographic contexts, reinforcing M; as the

optimal model.

Effects of latent variables on weight growth
in the model

The latent variables in the FPLGC model, pre-
sented in Table 3, including the intercept (o),
quadratic slope (B1), and inverse quadratic
slope (B2), provided critical insights into chil-
dren’s weight growth trajectories. The intercept
(a0 = 9.726, p < 0.001) indicated a significant

12

positive baseline weight at age 1. The quad-
ratic slope (B1 =0.172, p < 0.001) reflected an
overall upward trend in weight, while the in-
-4.507, p <
0.001) captured the deceleration in weight

verse quadratic slope (P2
growth as children aged. These results
demonstrated a non-linear growth trajectory,
characterized by rapid initial increases in

weight followed by slower growth over time.
Covariate Effects on Growth Trajectories

Peruvian children exhibited the highest base-
line weight (a=1.012, p<0.001) and steepest
growth acceleration (f=0.034, p<0.001), like-
ly reflecting sustained nutrition investments,
while Ethiopian children showed significant
deceleration (f=—0.012, p<0.001), aligning
with rural healthcare gaps. Vietnamese chil-
dren demonstrated moderate baseline ad-
vantages (0=0.590, p<0.001) without signifi-
cant growth-rate differences from India. Gen-
der disparities emerged in baseline weights
(females: 0=—0.519, p<0.001), though growth
rates  did differ
(B=0.002, p=0.056). Rural residence univer-
sally predicted
(0=—0.635, p<0.001) and slower growth

not significantly

lower Dbaseline weights
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Table 3: Estimated parameters in the FPLGC model in the Young Lives Study from 2002-2016 GC.

Parameter Category Estimate S.Error 95% CI Z-value P-value
Growth Intercept (o) 9.726 0.078 [9.573,9.879] 124.995*  0.000
factor Quadratic (B;) 0.172 0.002 [0.168,0.176] 71.001%* 0.000
Quad-inverse (8;) -4.507 0.023 [-4.55,-4.46] -194.215* 0.000
Country India (Ref))
Ethiopia (o) 0.110 0.042 [0.028,0.192] 2.622%* 0.009
Peru (o) 1.012 0.044 [0.926, 1.098] 23.110%* 0.000
Veitnam (o) 0.590 0.041 [0.510,0.670] 14.512%* 0.000
Ethiopia (B;) -0.012 0.001 [-0.014,-0.01] -9.033* 0.000
Peru (B:) 0.034 0.001 [0.032,0.036] 24.994*  0.000
Vietnam (f3;) 0.024 0.001 [0.022,0.026] 19.295%* 0.000
Child’s Male (Ref.)
gender Female (o) -0.519 0.029 [-576,-0.462] -17.706*  0.000
Female () 0.002 0.001 [0.000, 0.004] 1.911 0.056
Residence  Urban (Ref.)
Rural (o) -0.635 0.033 [-0.70,-0.57] -19.013*  0.000
Rural () -0.023 0.001 [-0.03,-0.02] -21.953*  0.000

P-value >0.05: nonsignificant; P-value <0.05: significant; P-value <0.01: highly significant

Structural path diagram analysis

Figure 2 illustrates the structural relationships
between time-invariant covariates (country,
gender, residence) and latent growth factors—
intercept (baseline weight = 9.73), quadratic
slope (growth rate = 0.172), and inverse quad-
ratic slope (deceleration = -4.51). The diagram

highlights variances for latent and observed

13

variables, capturing individual differences in
weight growth. Covariates significantly influ-
ence baseline weight and growth rates, with
socio-economic and demographic factors
playing key roles in shaping children's weight

trajectories.
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Figure 2: Structural path diagram of latent growth factors and covariates.

Comparison of Predicted Weight Growth healthcare access, nutrition, and socioeco-
Trajectories by Countries nomic conditions. The findings underscore
Figure 3 demonstrates country-specific trends, the importance of incorporating socio-
revealing steeper weight growth trajectories in  demographic factors to better understand
Peru and Vietnam compared to the more gradu-  growth patterns and inform targeted public
al increases in Ethiopia and India. These re-  health interventions.

gional disparities reflect differences in

Companson of Predicted Weights Using FPLGC Model by Country
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Figure 3: Comparison of predicted weight growth trajectories by country
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Discussion

This study provided critical insights into chil-
dren's weight growth trajectories, emphasizing
the importance of analyzing non-linear patterns
to understand growth dynamics. The fractional
polynomial latent growth curve model emerged
as the most effective approach, outperforming
linear models in capturing the complexities of
weight growth across socio-demographic con-
texts (14, 17). By incorporating key growth
factors such as baseline weight, growth rate,
and deceleration, the model provided a detailed
understanding of how country, gender, and res-
idence influence weight trajectories, aligning
with previous research on the limitations of
simpler models (20).

Country-specific trends highlighted significant
disparities, with Peru demonstrating the most
favorable growth trajectories due to invest-
ments in healthcare and nutrition (21), while
Ethiopia exhibited deceleration associated with
malnutrition and limited healthcare access (22).
In contrast, India, as the reference country,
showed lower baseline weights and slower
growth rates, reflecting persistent challenges in
addressing early childhood nutrition and sys-
temic inequalities in healthcare access. Gender
and residence also played a significant role,
with female children and rural populations ex-
periencing lower baseline weights and slower
growth rates. These findings underscore the
importance of addressing socio-economic and
cultural factors to promote equitable growth
and development (8, 23, 24).The structural path

diagram provided valuable insights into the re-

15

lationships between covariates and latent
growth factors, highlighting significant varia-
bility in weight trajectories. This variability
underscores the diverse responses of children
to socio-economic and environmental influ-
ences. While our primary analysis focused on
broad effects of country, gender, and resi-
dence, future studies could explore subgroup
interactions (e.g., country-specific rural/urban
or gender effects) for more targeted interven-
tions. For  example, improving  rural
healthcare in Ethiopia or sustaining growth
trajectories in urban Peru could significantly
enhance outcomes. Future longitudinal stud-
ies should incorporate: (a) cultural determi-
nants of nutrition practices, and (b) post-2016
data to evaluate the impact of recent sustaina-
ble development initiatives. These findings
emphasize the need for personalized, context-
specific strategies to address disparities and
promote equitable child development globally
(21, 22).

Strengths and limitations

This study's

of fractional polynomial latent growth curve

strengths include the wuse
modelling to analyze non-linear weight tra-
jectories in 7,140 children across four LMICs,
of

demographic disparities (e.g., Peru's acceler-

providing robust evidence socio-
ated growth, rural-urban divides, and gender-
based differences). However, limitations must
be acknowledged: (1) reliance on secondary
data (2002-2016) may limit generalizability
to current contexts, (2) unmeasured con-

founders ( e.g., household food security,



Ethiopian Journal of Pediatrics and Child Health, 2025, 20(1)

ISSN 2413-2640

eISSN 2519-0334 Argawu et al.

dietary diversity) could influence results, and
(3) the model's complexity may pose challeng-
es for replication in resource-limited settings.
Future Research Directions

To advance these findings, future work should
investigate subgroup interactions such as coun-
try-specific rural/urban or gender effects, while
incorporating cultural factors and post-2016
data to assess recent policy impacts. A critical
be the

effectiveness of targeted interventions, particu-

priority  will evaluating cost-
larly when adapting successful programs like
Peru’s school nutrition model for other LMIC

contexts.
Conclusion

This study demonstrated how fractional poly-
nomial latent growth curve models effectively
capture non-linear weight growth disparities
across Ethiopia, India, Peru, and Vietnam. The
results revealed significant country-specific
variations, with Ethiopia showing slower
growth trajectories compared to Peru’s acceler-
ated patterns, alongside persistent rural-urban
divides and gender-based disparities. Three ac-
tionable policy recommendations emerge from
this work: scaling Peru’s school nutrition ap-
proach for rural Ethiopian children with focus
on ages 5-8 years, developing gender-sensitive
interventions to address baseline weight gaps,
and implementing rigorous cost-effectiveness
analyses of these programs. Looking forward,
research should track the real-world implemen-
tation of these interventions while incorporat-

ing more recent data to evaluate policy effec-

16

tiveness. These findings provide concrete,
evidence-based guidance for improving equi-
table child growth outcomes in LMIC set-
tings.
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