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Abstract

Background: Overweight or obesity (OWO) in school-age childhood tends to persist into adulthood. This study aims to address
a critical need for early identification of children at high risk of developing OWO by defining and analyzing longitudinal trajectories
of body mass index percentile (BMIPCT) during early developmental windows.

Methods: We included 3029 children from the Boston Birth Cohort (BBC) with repeated BMI measurements from birth to age 18
years. We applied locally weighted scatterplot smoothing with a time-limit scheme and predefined rules for imputation of missing
data. We then used time-series K-means cluster analysis and latent class growth analysis to define longitudinal trajectories
of BMIPCT from infancy up to age 18 years. Then, we investigated early life determinants of the BMI trajectories. Finally, we
compared whether using early BMIPCT trajectories performs better than BMIPCT at a given age for predicting future risk of OWO.

Results: After imputation, the percentage of missing data ratio decreased from 36.0% to 10.1%. We identified four BMIPCT
longitudinal trajectories: early onset OWO; late onset OWO; normal stable; and low stable. Maternal OWO, smoking, and preterm
birth were identified as important determinants of the two OWO trajectories. Our predictive models showed that BMIPCT
trajectories in early childhood (birth to age 1 or 2 years) were more predictive of childhood OWO (age 5-10 years) than a single
BMIPCT at age 1 or 2 years.

Conclusions: Using longitudinal BMIPCT data from birth to age 18 years, this study identified distinct BMIPCT trajectories,
examined early life determinants of these trajectories, and demonstrated their advantages in predicting childhood risk of OWO
over BMIPCT at a single time point.

Keywords: Child health, Body mass index, Children BMI trajectory, Overweight or obesity, Data imputation, Longitudinal birth
cohort, Multinomial logistic regression
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Overweight or obesity (OWO), defined as a body mass index
(BMI) in the 85th percentile or greater for age and sex,!! substan-
tially raises the risk of morbidity and mortality as a result of serious
related health complications such as type 2 diabetes and coronary
heart disease.>?! Given its link with adult OWO, childhood OWO
is now a major health concern worldwide.>! The overall preva-
lence of obesity for children and adolescents aged 2 to 19 years
in the US was 19.7% in 2017 to 2020, affecting over 14 million
children.” Hence, the study of childhood OWO and associated
antecedent factors has become a national health priority.

Most epidemiologic studiest™*!!! to date of childhood OWO
have focused on childhood BMI at one time point only, ignoring
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the dynamic changes of child development and thus prone to
biased or incomplete conclusions.['>!3] A more rigorous dynamic
analysis of BMI growth patterns during childhood is possi-
ble when using statistical methods for long-span longitudinal
data.l'" Recent examples of such methods include time series
K-means clustering,!'>'7 latent class analysis,'®! and latent class
growth analysis (LCGA).I") While a few studies!'>?*2* have
prospectively examined childhood BMI trajectories, all of them
were limited to the exploration of a specific age range, for exam-
ple, age 0 to 2 years,?" or 0 to 12 years.!"”! Another key concern
is the way BMI records are used for analysis in these studies. As
children’s weight and length/height data used to determine BMI
are typically obtained from public records®! or cohort stud-
ies,?!l these longitudinal data points are likely to have missing
values or irregular time intervals. In such instances, researchers
either choose to limit their longitudinal analyses to complete
cases?®! without missing data, which reduces statistical power,*!
or apply imputation methods.??* Furthermore, there has been
little quantitative analysis of BMI longitudinal data in high risk
but understudied subgroups in the US, such as minority and
low-income populations.[>2”1 Hence, there is a need for statisti-
cal methods that can provide a deeper and more rigorous analy-
sis of BMI trajectories among high-risk populations to mitigate
the public health burden of childhood OWO in the US.

This study aims to address a critical need for early identification
of children at high risk of developing OWO by defining and
analyzing longitudinal trajectories of BMI percentile (BMIPCT)
during early developmental windows. We also explored associ-
ated factors of these BMIPCT growth trajectories and assessed
their ability to predict OWO risks at later life stages. A notable
strength of this study was to the use of our rigorous statisti-
cal methods to analyze longitudinal data from the Boston Birth
Cohort (BBC),?%! a US urban low-income, predominantly Black
and Hispanic minority population, who are disproportionally
affected by OWO.

Methods

This study included 3029 children of BBC who were enrolled
at birth and followed prospectively up to age 21 years, with
repeated measurements of body weight and length/height.
Supplementary  Figure S1, http://links.lww.com/PN9/A24,
depicts the study population flowchart including inclusion
and exclusion criteria. The BBC has been previously described
in detail.2%>! Briefly, research staff at Boston Medical Center
(BMC) recruited mothers 24 to 72 hours after delivery and
obtained written informed consent for the long-term longitu-
dinal study. It initially enrolled 8509 mother—infant dyads from
1998 to 2016. As of July 2018, 3029 children had postnatal
follow-up. Their height and weight were measured during well-
child visits based on standard clinical procedures as part of the
pediatric primary care schedule and were recorded in their elec-
tronic medical records (EMR) at BMC.13"!

Before age 2 years, BMIPCT were calculated based on World
Health Organization reference values.!! In subsequent years,
BMIPCT were defined based on US national reference val-
ues from the Centers for Disease Control and Prevention
(CDC).3 Mother—child dyads in the BBC visited at differ-
ent frequencies, for example, for babies and toddlers younger
than age 2 years, well-child visits were much more frequent
(multiple times per year) compared with annual well-child
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care visits after age 2 years. According to primary care visit
schedules and knowledge of child growth, our study defined
32 time intervals from birth to age 18 years as follows: 12
monthly time intervals from birth to age 1 year; 4 quarterly
time intervals from age 1 to 2 years; and 16 annual time inter-
vals afterward. BMIPCT-related values for each time interval
were defined by the average values in the EMR during the
corresponding timeframe.

Maternal variables, including age at time of delivery, race and
ethnicity, education level, pre-pregnancy height and weight,
smoking status, parity, and mode of delivery, were obtained
from medical records and a maternal questionnaire interview.
Maternal pre-pregnancy BMI was calculated from pre-preg-
nancy height and weight and further categorized into non-OWO
(BMI < 25) and OWO (BMI > 235). Breastfeeding was assessed
during the first 2 years of follow-up!® (any vs. no breastfeed-
ing). The child’s sex, birthweight, and preterm birth status were
obtained from the EMR.

Statistical analyses

Missing data imputation using locally weighted scatterplot
smoothing with a time-limit aware scheme

We applied locally weighted scatterplot smoothing with a time-
limit aware scheme (LOWESS-TLS) to impute the data. While
LOWESS imputation has been used in geographical research, its
use in BMI longitudinal studies is novel; moreover, our proposed
combination of LOWESS with TLS is a novel method. Hence, we
describe this two-step imputation method in detail below.

TLS is the first step in the imputation procedure. In most longitu-
dinal BMI studies, imputation is performed using all available data
or data within a fixed-width time window centered on the time of
the missing data. Herein, we use TLS to account for the age-vary-
ing dynamics of child growth. For missing monthly data from
birth to age 1 year, imputation was performed using data no more
than 4 months earlier or later; for missing quarterly data between
age 1 and 2 years, data no more than 1 year earlier or later is used;
for missing annual data between age 3 and 18 years, data no more
than 2 years earlier or later is used. These variable-width time
windows are schematically presented in Supplementary Figure S2,
http://links.lww.com/PN9/A24, with an illustrative example.

The second imputation step begins with the set of available
data points within the TLS. When this set includes data points
with ages both above and below that of the missing data, then
LOWESS regression on the set of observations was used to predict
the missing value.?* For cases when only the last or next obser-
vations are available, last-observation-carried-forward (LOCF)
or next observation carried backwards (NOCB)®S! imputation
was conducted. Finally, if there were no known BMIPCT mea-
surements in the TLS time window, the missing data were not
imputed and any subsequent analysis that requires this particu-
lar data point would not include this participant. Once all of the
LOWESS-TLS imputations were completed for each participant,
we linearly interpolated the imputed dataset to 18x12 = 216
monthly values to simplify the subsequent trajectory analysis.

BMIPCT trajectory identification and analysis

The LOWESS-TLS imputed, linearly interpolated data was
used to create 18 BMIPCT datasets as follows: dataset n (for
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n=1,2,...,18) contains data only up to age 7 years and does
not contain any missing data that could not be imputed using
our TLS criteria, as explained above. For each of these BMIPCT
datasets, we applied time-series K-means clustering!*®! to obtain
trajectories. To determine the number of trajectories to retain
for subsequent analysis, we considered a range of possible
numbers of trajectories (ie, the number of clusters k& = 2, ...,
10 in K-means clustering), computed the Bayesian Information
Criterion (BIC),:37381 and selected the number k corresponding
to the highest BIC. Euclidean distance was chosen for K-means
clustering since our time series data were of equal durations
and equally spaced time intervals. For comparison, we applied
LCGAP as an alternative method and set the number of latent
trajectory classes in LCGA the same as k for consistency. To
allow for sex-specific trajectories and associations, all analyses
were performed on the overall study population as well as on
boys and girls, separately.

To examine associations between BMIPCT trajectory types and
maternal factors, child sex, preterm and low birthweight status,
we applied a two-sided ¢ test for continuous factors and the
¥? test for categorical factors. We also conducted multinomial
logistic regression, taking the identified normal trajectory as the
reference category, and reported crude and adjusted odds ratios
(ORs and aORs).

Prediction of OWO risk in middle childhood

After an investigation of the trajectory classes, we explored
how trajectory information could be used to predict subse-
quent OWO risk. To accomplish this, we developed a prelimi-
nary prediction tool using early-age information (from birth to
age 1 or 2 years) to inform parents about their child’s risk of
OWO at a critical developmental time window (from age 5 to
10 years),***! with and without further consideration of prena-
tal and perinatal covariates. Binary logistic regression was used
to predict middle-childhood OWO status. To assess if a child’s
early growth patterns (as represented by BMIPCT trajectories
from birth to age 7, years, n, = 1,2) could better predict mid-
dle-childhood OWO status at age 7, years (n, = 5,6,...,10) com-
pared with conventional predictors or static BMI categories,
we chose five different sets of predictors and collated their pre-
dictive performances on middle childhood OWO: (a) baseline
maternal and infant factors, including maternal OWO status,
race and ethnicity, education level, parity, smoking status, deliv-
ery type, preterm status, low birthweight, and breastfeeding
type; (b) static BMIPCT measurement at age 7, years, catego-
rized into four levels: <5th, 5th to 85th, 85th to 95th, or >95th;
(c) BMIPCT trajectory types from birth to age 7, years; (d) the
set of all predictors in sets (a) and (b); and (e) the set of all pre-
dictors in sets (a) and (c). Using five-fold cross-validation (CV),
we reported the area under the receiver operating characteristics
curve (AUC) as the performance metric of each set of predictors.

All statistical analyses were performed using Python (version
3.9.13; Python Software Foundation) and R (version 3.6.3; R
Development Core Team, Vienna, Austria).

Results
Data imputation

The subset of the BBC longitudinal data that is used in this
OWO study was closed on July 31, 2018. Since the birth
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dates ranged from 1998 to 2016, most of the children were
below 18 years old at the time the dataset was closed, result-
ing in administrative right censoring. Of the 96,928 possible
time steps (3029 participants multiplied by 32 time steps per
participant), 28,665 (29.6%) were administratively right
censored (where the percentage corresponds to all possible
time steps). Of the remaining 68,263 time steps, there were
34,894 (36.0% of all possible data) missing data. There were
two causes of missing data in our data set: no well-child visit
scheduled at one of the 32 time points and mother—child dyads
missing one or more well-child visits. The missing data are
graphically shown in the data availability matrix Figure 1A
in which the columns represent the 32 time steps (monthly
from birth to age 1 year, quarterly from age 1 to 2 years,
and annual from age 2 to 18 years) and the rows represent
the 3029 dyads. In each cell of this rectangular array, green
indicates that BMIPCT data were available, purple indicates
missing data, and yellow corresponds to the administratively
censored data.

By applying LOWESS-TLS, 25,135 (25.9% of all possible data)
of the non-administrative missing data and 6638 (6.9%) of the
administrative data were imputed, and only 10.1% were miss-
ing. Figure 1B shows the updated data availability matrix after
applying LOWESS-TLS. Supplementary Figure S3A, http://links.
lww.com/PN9/A24, shows a box plot of the comparison of the
mean and median values between the raw data and LOWESS-
TLS imputed data, indicating that the statistics remained
comparable and consistent. As such, in the subsequent analy-
ses, we exploited the LOWESS-TLS imputed BMIPCT dataset
to increase statistical power while retaining similar statistical
properties as the raw data.

The number of study samples in each of the 18 BMIPCT
datasets, where dataset 7 corresponds to data points from
birth to age 7 years, is shown in orange in Supplementary
Figure S4, http:/links.lww.com/PN9/A24. It can be seen
that as n increases, the number of samples decreases. This
is because of the requirement that a child’s data would be
retained in the dataset only if all of the missing data could
be imputed under the TLS criteria. Supplementary Figure S4,
http://links.lww.com/PN9/A24, also shows the number of
study samples when the 18 BMIPCT datasets are constructed
using other procedures, including complete cases (no impu-
tation) and data aggregated to 18 yearly time points. We can
see that the use of LOWESS-TLS imputation with 32 time
points provides far more samples than the complete cases
(eg, 1158 vs. 0 complete cases for birth to age 10 years),
even when aggregated to 18 yearly time points (eg, 1323 vs.
221 complete cases for birth to age 10 years). While aggre-
gating the LOWESS-TLS imputed data from 32 to 18 time
points provides slightly more samples (eg, 2154 vs. 2607 at
age 1 year, where the difference is highest), it is felt that the
shorter time intervals used in the first 2 years of the 32 time
points are needed to capture the details of early child growth
dynamics.

As age 10 years represents middle childhood*? and has
shown high predictability of OWO in adolescence and adult-
hood,®*#! our primary focus is on the BMIPCT dataset from
birth to age 10 years. As indicated in Supplementary Figure
S4, http://links.lww.com/PN9/A24, there are 1158 children in
the LOWESS_TLS imputed dataset 7z = 10, where all included
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Figure 1: Data availability before imputation (top panel) and after imputation* (bottom panel) for all samples. X-axis is the time (monthly data from birth
to age 1 year, quarterly data from age 1 to 2 years, and annual data from age 2 to 18 years), and each row of the Y-axis represents one child. In each column,
green indicates BMIPCT data is available, purple means BMIPCT data is missing, and yellow represents administratively censored data, which are the points
beyond participants’ ages. *Time-limit aware scheme in data imputation as illustrated in Supplementary Figure S2, http://links.lww.com/PN9/A24: for missing
monthly data from birth to age 1 year, imputation was allowed using data no more than 4 months earlier/later; for missing quarterly data between age 1 and 2
years, collected data no more than 1 year apart could be used; for subsequent missing annual data, imputation could be carried out using data no more than

2 years apart. BMIPCT, body mass index percentile.

children have no missing data from birth to age 10 years after
imputation.

Population characteristics

Table 1 shows the population characteristics, stratified by child
sex, of the imputed dataset from birth to age 10 years. Of the
1158 study children, 586 (50.6%) were boys and over half
(52.8%) of the mothers were OWO during pre-pregnancy. As
shown, over 70% of the mothers self-identified as being of Black
race, and the mean (SD) maternal age at birth of the study chil-
dren was 29.1 (6.81) years. Among the mothers, 64.6% did not
reach a college degree before the birth of the enrolled child, and
most (76.2%) never smoked. There were 341 (29.4%) children
identified as OWO at age 10 years. In Supplementary Table S1,
http://links.lww.com/PN9/A24, we also report the population
characteristics of the imputed dataset from birth to age 2 years
(N = 2124 study dyads), which is a sensitive and critical win-
dow for the development of later childhood OWOQ.2!
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BMIPCT growth trajectories and its associated factors

We conducted K-means clustering analysis on each of the 18
BMIPCT datasets (from birth to age n years where n = 1, 2,
..., 18). To determine the number of trajectories (ie, number of
clusters), we compared BIC results for # = age 10 years for k = 2,
..., 10 clusters (Supplementary Table S2, http://links.lww.com/
PN9/A24).111:37381 The results show that k = 4 trajectories cor-
responds to the highest BIC value, which is in agreement with
prior childhood BMI trajectory analyses.!'>!S] For consistency,
four trajectories were used for all of the 18 BMIPCT datasets.

The four BMIPCT trajectories for birth to age 10 years are
shown in Figure 2A with labels that indicate their distinct char-
acteristics, as described in the following. Early onset OWO
(43.7% of the children) exhibits high BMIPCT in early child-
hood that was maintained throughout childhood. Late onset
OWO (20.4%) shows a rapid BMIPCT gain starting at age 3
years before attaining high BMIPCT in later childhood. Normal
stable (16.7%) demonstrated a consistently normal BMIPCT,
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Population characteristics of mother—child pairs, who have complete BMIPCT data points from birth to age 10 years after imputation.

Characteristic Overall sample (N = 1158) Girls (N =572) Boys (N = 586)
Mothers with OWO (%) 611 (52.8) 297 (51.9) 314 (53.6)
Maternal age (mean [SD]) 29.11 (6.81) 28.98 (6.76) 29.24 (6.85)
Race and ethnicity (%)
Black 856 (73.9) 411(71.9) 445 (75.9)
White 50 (4.3) 27 (4.7) 23(3.9)
Hispanic 188 (16.2) 106 (18.5) 82 (14.0)
Other 64 (5.5) 28 (4.9 36 (6.1)
Maternal education, >college (%) 410 (35.4) 203 (35.5) 207 (35.3)
Maternal smoking, continuous & quitter (%) 272 (23.8) 139 (24.7) 133(22.9)
Parity, multiparous (%) 702 (60.6) 342 (59.8) 360 (61.4)
Mode of delivery, C-section (%) 733 (63.3) 372 (65.0) 361 (61.6)
Preterm birth (%) 273 (23.6) 132 (23.1) 141 (24.1)
Low birthweight (%) 266 (23.0) 144 (25.2) 122 (20.8)
Breastfeeding type, formula feeding only (%) 273 (24.5) 129 (23.5) 144 (25.4)
Children with OWO, defined by the BMIPCT at age 10 years (%) 341 (29.4) 169 (29.5) 172 (29.4)

BMIPCT, body mass index percentile; C-section, cesarean section; OWO, overweight or obesity.

100 BMIPCT Trajectory from Birth to Age 10 years: N=1158 Early Onset OWO: N=506 (43.7%)
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Figure 2: Summary of four BMI trajectory groups from birth to age 10 years. Thick black lines indicate the mean trajectories identified for early onset OWO
(solid); late onset OWO (dashed); normal stable (dash-dotted); and low stable group (dotted). Actual trajectories for participants in each defined trajectory group
are shown by the thin gray line in (B) to (E). BMI, body mass index; OWO, overweight or obesity.

while low stable (19.3%) maintained a stable but relatively
lower BMIPCT, typically around the 20th percentile, within the
time window.

With the clustering method, each child is assigned to a unique
trajectory, resulting in a stratification of the 1158 children. The
individual BMIPCT trajectories and centroids for each of the
four trajectories are shown in Figure 2B-E. The population
demographic statistics for the 1,158 study samples, stratified by
growth trajectories, are shown in Supplementary Table S3, http://
links.lww.com/PN9/A24. Using the chi-squared test, we found

statistically significant association of maternal OWO, maternal
age, race and ethnicity, C-section delivery mode, and low birth-
weight with child BMIPCT trajectories. We used multinomial
logistic regression to explore these associations further. Table 2
shows the associations between all studied maternal and child
factors and BMIPCT growth trajectory patterns from birth to
age 10 years, reported by the ORs (aORs) and 95% confidence
intervals (CIs), using the Normal Stable trajectory as the refer-
ence group. Results on boys and girls subgroups are also shown
in Supplementary Table S4, http:/links.lww.com/PN9/A24.
Compared to children born to non-OWO mothers, children born
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Associations of maternal and child factors with child BMIPCT trajectory groups from birth to age 10 years based on multinomial

logistic regression model results.

OR* aORt OR aOR
Characteristics (95% CI) (95% CI) Characteristics (95% CI) (95% CI)
Maternal OWO (non-OWO [ref] vs. OWO mothers) Parity (nulliparous [ref] vs. multiparous)
Early onset OWO 2.07 (1.48-2.90) 1.68 (1.18-2.40) Early onset OWO 1.13(0.89-1.43) 0.91(0.68-1.20)
Late Onset OWO 2.01 (1.37-2.96) 1.76 (1.17-2.65) Late onset OWO 1.07 (0.81-1.41) 0.87 (0.63-1.21)
Normal stable 1 (reference) 1 (reference) Normal stable 1 (reference) 1 (reference)
Low stable 0.79 (0.53-1.17) 0.81(0.54-1.23) Low stable 0.90 (0.69-1.19) 0.89 (0.64-1.24)
Maternal age (per 1-year increase) Mode of delivery (vaginal [ref] vs. C-section)
Early onset OWO 1.04 (1.01-1.06) 1.03 (1.00-1.06) Early onset OWO 0.73(0.52-1.03) 0.82 (0.57-1.19)
Late onset OWO 1.04 (1.01-1.07) 1.04 (1.01-1.08) Late onset OWO 0.94 (0.63-1.41) 1.21(0.79-1.87)
Normal stable 1 (reference) 1 (reference) Normal stable 1 (reference) 1 (reference)
Low stable 1.00 (0.97-1.03) 1.01 (0.97-1.04) Low stable 1.44 (0.95-2.20) 1.51(0.96-2.37)
Race/ethnicity (Black [ref] vs. White) Preterm birth (full term [ref] vs. preterm)
Early onset OWO 0.68 (0.30-1.57) 0.56 (0.23-1.34) Early onset OWO 1.11 (0.74-1.67) 1.68 (0.97-2.90)
Late onset OWO 1.28 (0.55-3.02) 1.15(0.46-2.86) Late onset OWO 1.50 (0.95-2.36) 1.57 (0.86-2.87)
Normal stable 1 (reference) 1 (reference) Normal stable 1 (reference) 1 (reference)
Low stable 0.84(0.32-2.18) 0.80 (0.30-2.15) Low stable 1.39 (0.87-2.20) 1.43(0.78-2.61)
Race/ethnicity (Black [ref] vs. Hispanic) Low birth weight (non-LBW [ref] vs. LBW)
Early onset OWO 0.98 (0.64-1.52) 1.05 (0.67-1.66) Early Onset OWO 0.65 (0.43-0.96) 0.45 (0.26-0.77)
Late onset OWO 0.66 (0.39-1.13) 0.72 (0.41-1.27) Late Onset OWO 1.18 (0.76-1.83) 0.97 (0.54-1.74)
Normal stable 1 (reference) 1 (reference) Normal stable 1 (reference) 1 (reference)
Low stable 0.67 (0.39-1.16) 0.74 (0.42-1.30) Low stable 1.33 (0.86-2.06) 1.12 (0.63-1.98)
Race/ethnicity (Black [ref] vs. others) Breastfeeding type (any breast feeding [ref] vs.
formula feeding only)
Early onset OWO 0.48 (0.22-1.05) 0.49 (0.22-1.07) Early onset OWO 1.08 (0.73-1.58) 1.10 (0.73-1.66)
Late onset OWO 0.83(0.37-1.88) 0.76 (0.33-1.79) Late onset OWO 0.96 (0.61-1.50) 1.05 (0.65-1.68)
Normal stable 1 (reference) 1 (reference) Normal stable 1 (reference) 1 (reference)
Low stable 1.61 (0.77-3.36) 1.68 (0.78-3.60) Low stable 0.74 (0.46-1.19) 0.73(0.45-1.20)
Maternal education (<high school [ref] vs. >college) Child sex (female [ref] vs.
male)
Early onset OWO 0.94 (0.66-1.33) 0.87 (0.60-1.27) Early onset OWO 0.85(0.61-1.18) 0.82 (0.58-1.16)
Late onset OWO 0.74 (0.50-1.10) 0.77 (0.50-1.18) Late onset OWO 0.90 (0.62-1.32) 0.94 (0.63-1.41)
Normal stable 1 (reference) 1 (reference) Normal stable 1 (reference) 1 (reference)
Low stable 0.96 (0.64-1.44) 0.99 (0.63-1.54) Low stable 0.82 (0.56-1.20) 0.84 (0.56-1.25)

Maternal smoking (never [ref] vs. continuous & quitter)

Early onset OWO 1.08 (0.82-1.42) 1.15 (0.84-1.56)
Late onset OWO 0.98 (0.71-1.35) 0.95 (0.66-1.35)
Normal stable 1 (reference) 1 (reference)

Low stable 1.05 (0.76-1.45) 1.18(0.83-1.68)

Significance level is 5%. As this is 95% Cl, and bold value means it does not contain/cross the value 1, so the P value is strictly less than 0.05.

*0dds ratio, where only examined independent variable is included in the univariate multinomial logistic regression.

TAdjusted odds ratio, where all predictor variables are simultaneously included in the multivariate multinomial logistic regression model.

a0R, adjusted odds ratio; BMIPCT, body mass index percentile; C-section, cesarean section; Cl, confidence interval; LBW, low birthweight; OR, odds ratio; OWO, overweight or obesity; SD, standard

deviation.

to mothers with OWO have a 1.68 (95% CI: 1.18-2.40) times
higher chance of becoming early onset OWO and a 1.76 (95%
CL: 1.17-2.65) times higher chance of becoming late onset OWO,
with the normal stable group as a reference. Besides, maternal age
is positively linked with the odds of being early onset OWO (aOR:
1.03,95% CI: 1.00-1.06) and late onset OWO (aOR: 1.04, 95%
CL: 1.01-1.08) with normal stable serving as a reference. The
probability of children with low birth weight to be classified as
early onset OWO with respect to being normal stable was 0.45
times lower than children without low birth weight (95% CI:
0.25-0.77). Babies born preterm, particularly boys, have higher
odds of rapidly increasing BMI (late onset OWO) (aOR: 3.39,
95% CI: 1.39-8.26) as opposed to maintaining a normal BMI in
the first 10 years, when compared to boys born full term.

While our primary focus is on birth to age 10 years trajecto-
ries, we also report results for trajectories for other age ranges
in the Supplement. Supplementary Figure S5, http:/links.Ilww.
com/PN9/A24, illustrates the four trajectories of each BMIPCT
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dataset (from birth to 7 years, n = 1, 2,..., 18), and the growth
patterns of the four types identified in different age stages are
similar, but they hold distinct clinical implications. For instance,
children who exhibit late onset OWO before the age of 2 are
likely to be classified as early onset OWO within the time win-
dow of 0 to 10 years. Supplementary Figure S6, http:/links.lww.
com/PN9/A24, is a Sankey diagram that shows the transition
flows of BMIPCT trajectories throughout the three age points
(birth to 1 year, to 2 years, to 10 years), for example, most chil-
dren who were classified as early onset OWO or low stable at
1 or 2 years old remained in the same groups at 10 years old.
Supplementary Table S5, http:/links.lww.com/PN9/A24, shows
descriptive statistics of 2124 samples stratified by the four tra-
jectories from birth to age 2 years, and Supplementary Table
S6, http:/links.lww.com/PN9/A24 shows factors associated
with these four trajectories. It can be seen that, for this 2-year
time window, children of mothers with OWO were less likely
to follow a low stable trajectory pattern in the first 2 years
(aOR: 0.66, 95% CI: 0.50-0.87). Besides, maternal smoking is
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associated with an increased risk of early onset OWO (aOR:
1.39,95% CI: 1.12-1.73).

Predictions of OWO risk at age 5 to 10 years using early
childhood BMIPCT trajectories

Next, we demonstrate how childhood BMIPCT trajectories from
birth to age 1 or 2 years can be used to predict OWO risks at
ages 5 through 10 years. We conduct a series of logistic regres-
sion of child OWO status on five sets of predictors as described in
Methods section and use the AUC of five-fold CV to assess pre-
diction performance. For the base model (a), we use only conven-
tional clinical measurements as predictors (including maternal and
infant factors collected immediately after birth). Next, we assess
two crude models, with model (b) using static BMI categories as
predictors and model (c) using BMIPCT trajectories as predictors.
Finally, we repeat models (b) and (c) while adjusting for all of the
covariates considered in model (a) and refer to these as adjusted
models (d) and (e), respectively. As shown in Table 3, the AUCs of
the base models range from 0.625 to 0.648, which are lower than
predictive performances of all crude models and adjusted mod-
els. More importantly, our results indicated that child BMIPCT
developmental trajectories from birth to age 1 or 2 years were
more informative than static BMI categories at age 1 or 2 years for
predicting OWO status at ages 5 to 10 years and that the improve-
ment persisted when using adjusted models. For example, when
predicting OWO status at age 6 years for the 1802 samples, the
AUC of five-fold CV was 0.626 for the base model using factors
(a), 0.664, and 0.714 for the crude models using predictors (b) and
(c), respectively, and was 0.718 and 0.736 for the adjusted models
(d) and (e). Similar improvements were observed in the subgroup
analysis by child sex. The predictive performance for predicting
OWO at ages 11 to 18 years are reported in Supplementary Table
S7, http:/Nlinks.lww.com/PN9/A24.

Sensitivity analysis

LCGA, a special type of growth mixture modeling, whereby the
variance and covariance estimates for the growth factors within
each class are assumed to be zero, is another commonly used
approach to BMI trajectory analysis. The BMIPCT growth tra-
jectories identified by LCGA, shown in Supplementary Figure
S7, http://links.lww.com/PN9/A24, were comparable and con-
sistent with our K-means results, as shown in the pairwise plot
(Supplementary Figure S8, http:/links.lww.com/PN9/A24). This
finding further illustrates the robustness of the BMIPCT trajec-
tories in our K-means model. We also compared the predictive
performances of the BMIPCT trajectories from birth to age 1 or
2 years as identified by K-means clustering and LCGA for middle
childhood OWO risks. The results showed close predictions, as
shown in Supplementary Table S8, http:/links.lww.com/PN9/A24.

We also repeated the trajectory analysis and the explorations of
the association between early childhood BMIPCT trajectory and
middle childhood OWO status on the imputed dataset using the
simple average with the TLS. In other words, compared with the
LOWESS-TLS, we replaced the step using the LOWESS curve
with the average of the previous and subsequent observations
within the TLS. Average-TLS imputed data produced larger dis-
crepancies with the observed values’ mean and standard devia-
tion, compared with LOWESS-TLS. Supplementary Figure S3B,
http://links.lww.com/PN9/A24, shows the box plot including
the mean and median values between the raw data and simple
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average imputed data. Supplementary Table S9, http://links.lww.
com/PN9/A24, shows the predictive power of the early child-
hood trajectories from the simple average imputed dataset on
middle childhood OWO risks. Results for the simple average
imputation methods are comparable to the results we obtained
based on LOWESS-TLS.

Discussion

In the BBC cohort, consisting primarily of Black underrepre-
sented population from urban and largely low-income com-
munities, we identified four distinct BMIPCT developmental
trajectories, including early onset OWO, late onset OWO, normal
stable, and low stable, from birth to age 7 years (n =1, 2, ..., 18)
with a primary focus on birth to age 10 years. We found that
trajectory patterns identified using K-means clustering are con-
sistent with those from LCGA, which supports the robustness of
the four types of BMIPCT trajectories. Aris ef al*' and Bichteler
and Gershoffl?’! also identified similar BMI trajectories to ours
at two different age windows, birth to age 2 years and 2 years
to 13 years, respectively, although they used different statistical
methods and studied different populations. The trajectories from
birth to age # years during childhood can be used by clinicians to
more readily observe potential dynamic changes that can emerge
during child development and identify rapid weight gain patterns
among their patients throughout childhood.""3! It can also help
identify subgroups of children who are at higher risk of develop-
ing obesity and target interventions to these groups. Additionally,
understanding the predictors and factors associated with dif-
ferent BMI trajectories can help inform policies and programs
aimed at reducing the prevalence of childhood obesity.

Our results indicate that maternal OWO is a strong and dom-
inant risk factor for increased BMI, including early onset and
late onset weight gain, in the first 10 years of childhood, which
is consistent with previous findings.?”*! Genetic, epigenetic,
and shared environmental characteristics may contribute to this
association.*?! In addition, boys born preterm were more likely
to experience late onset OWO with respect to being normal sta-
ble, compared to boys born full term. This is in line with ear-
lier studies suggesting that preterm infants often exhibit rapid
“catch-up” growth during the initial years of life, and rapid
weight gain during this period is linked to a higher likelihood
of childhood obesity.l*”l We also find maternal smoking is asso-
ciated with an increased risk of early onset OWO for children
before age 2 years, but we did not detect a significant associ-
ation with BMIPCT trajectories at age 10 years. This lack of
association could be attributed to the influence of other factors,
such as physical activity* and socioeconomic status,*! on child
BMI development, which may intensify with age. Additionally,
the effects of maternal smoking on BMI may be more pro-
nounced in early childhood and fades with age.*®! Another
possibility is that the sample size was not sufficient to detect
a significant association between maternal smoking and BMI
trajectories at age 10 years. Future studies should consider using
larger sample sizes and longer follow-up periods, as well as tak-
ing into account other potential confounding variables, in order
to fully understand the relationship between maternal smok-
ing and BMI trajectories in children. The information on the
identified predictors of BMIPCT trajectories could be useful in
guiding clinicians in identifying children at higher risk for OWO
during childhood. In addition, we used early childhood growth
patterns to predict the risk of OWO in middle childhood. Our
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Prediction performance on OWO at different ages (5-10 years).

Five-fold CV AUC mean (SD)

Crude model*

Adjusted modelt

BMI category @n years

BMI trajectory @0 to nyears

BMI category @n years

Overall samples

Y: OWO status @5 years (N = 1929) (base modelt-0.632 [0.041])

n=1 0.681(0.008) 0.729 (0.007)

n=2 0.739 (0.025) 0.782 (0.007)
Y: OWO status @6 years (N = 1802) (base model-0.626 [0.028])

n=1 0.664 (0.016) 0.714 (0.014)

n=2 0.722 (0.027) 0.76 (0.013)

Y: OWO status @7 years (N = 1702) (base model-0.632 [0.026])

n=1 0.638 (0.017) 0.691 (0.028)

n=2 0.703 (0.035) 0.736 (0.029)
Y: OWO status @8 years (N = 1546) (base model-0.629 (0.024))

n=1 0.627 (0.011) 0.676 (0.018)

n=2 0.689 (0.021) 0.718(0.012)
Y. OWO status @9 years (N = 1328) (base model-0.627 [0.037])

n=1 0.622 (0.024) 0.672 (0.029)

n=2 0.671 (0.032) 0.71(0.023)
Y. OWO status @10 years (N = 1158) (base model-0.648 [0.04])

n=1 0.613 (0.031) 0.661 (0.042)

n=2 0.661 (0.021) 0.696 (0.034)

Girls

Y. OWO status @5 years (N = 981) (base model-0.64 [0.061])

n=1 0.675 (0.016) 0.722 (0.037)

n=2 0.744 (0.025) 0.785 (0.028)
Y. OWO status @6 years (N = 924) (base model-0.617 [0.048])

n=1 0.663 (0.013) 0.71(0.032)

n=2 0.731(0.021) 0.763 (0.019)
Y: OWO status @7 years (N = 864) (base model-0.635 [0.036])

n=1 0.637 (0.046) 0.691 (0.051)

n=2 0.714 (0.041) 0.736 (0.051)
Y: OWO status @8 years (N = 765) (base model-0.634 [0.028])

n=1 0.637 (0.031) 0.691 (0.031)

n=2 0.701 (0.018) 0.725 (0.035)
Y: OWO status @9 years (N = 650) (base model-0.612 [0.044])

n=1 0.627 (0.025) 0.689 (0.054)

n=2 0.682 (0.031) 0.715(0.047)
Y. OWO status @10 years (N = 572) (base model-0.648 [0.047])

n=1 0.619 (0.056) 0.669 (0.084)

n=2 0.676 (0.044) 0.698 (0.089)

Boys

Y: OWO status @5 years (N = 948) (base model-0.625 [0.046])

n=1 0.687 (0.03) 0.735(0.038)

n=2 0.733(0.033) 0.778 (0.027)
Y: OWO status @6 years (N = 878) (base model-0.634 [0.046])

n=1 0.666 (0.04) 0.718 (0.053)

n=2 0.712 (0.066) 0.758 (0.051)
Y: OWO status @7 years (N = 838) (base model-0.618 [0.048])

n=1 0.639 (0.03) 0.693 (0.035)

n=2 0.692 (0.054) 0.737 (0.043)
Y: OWO status @8 years (N = 781) (base model-0.625 [0.033])

n=1 0.617 (0.027) 0.659 (0.054)

n=2 0.677 (0.041) 0.711(0.038)
Y. OWO status @9 years (N = 678) (base model-0.641 [0.057])

n=1 0.609 (0.04) 0.653 (0.038)

n=2 0.659 (0.053) 0.704 (0.033)
Y. OWO status @10 years (N = 586) (base model-0.63 [0.066])

n=1 0.592 (0.034) 0.642 (0.04)

n=2 0.638 (0.061) 0.693 (0.029)

0.737 (0.021) 0.751 (0.012)
0.781 (0.021) 0.799 (0.009)
0.718 (0.015) 0.736 (0.022)
0.763 (0.03) 0.78 (0.015)
0.696 (0.012) 0.717 (0.03)
0.749 (0.034) 0.758 (0.028)
0.683 (0.016) 0.702 (0.027)
0.732 (0.032) 0.739 (0.021)
0.673 (0.034) 0.694 (0.027)
0.714 (0.04) 0.727 (0.024)
0.683 (0.046) 0.702 (0.036)
0.718 (0.036) 0.723 (0.034)
0.731 (0.029) 0.743 (0.019)
0.784 (0.022) 0.801 (0.008)
0.711 (0.022) 0.732 (0.038)
0.769 (0.034) 0.782 (0.015)
0.69 (0.03) 0.719 (0.044)
0.761 (0.041) 0.764 (0.041)
0.697 (0.028) 0.72 (0.034)
0.751 (0.033) 0.754 (0.034)
0.67 (0.04) 0.704 (0.035)
0.717 (0.041) 0.731 (0.031)
0.69 (0.05) 0.714 (0.057)
0.734 (0.047) 0.726 (0.061)
0.736 (0.029) 0.749 (0.039)
0.771 (0.031) 0.793 (0.031)
0.72 (0.026) 0.734 (0.052)
0.75 (0.059) 0.771 (0.045)
0.684 (0.021) 0.705 (0.036)
0.72 (0.045) 0.744 (0.039)
0657 (0.02) 0.67 (0.054)
0.708 (0.044) 0.718 (0.041)
0.664 (0.037) 0.68 (0.046)
0.705 (0.052) 0.723 (0.036)
0.65 (0.055) 0.672 (0.053)
0.687 (0.043) 0.703 (0.038)

Significance level is 5%. As this is 95% CI, and bold value means it does not contain/cross the value 1, so the P value is strictly less than 0.05.
*Crude model: static BMI category or BMIPCT trajectory as predictor only.
TAdjusted model: static BMI category and BMIPCT trajectory and covariates included as predictors.
FBase model: conventional covariates are included as predictors, which include all characteristics listed in Table 1.
AUC, area under the ROC curve; BMI, body mass index; BMIPCT, body mass index percentile; CV, cross validation; OWO, overweight or obesity; SD, standard deviation.

BMI trajectory @0 to n years

better predictive performance compared to traditional clinical
data or static BMI categories also suggests that early childhood
BMIPCT trajectories can be used to help clinicians identify those
children most at risk for OWO in middle childhood. Further
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studies are encouraged to investigate the predictive power of
BMIPCT trajectory on other health outcomes, such as diabetes
and high blood pressure. This will enable a more comprehensive
understanding of the clinical utility of early childhood BMIPCT



trajectories in identifying children at risk of adverse health out-
comes in later life.

To the best of our knowledge, this is the first study to identify
BMIPCT trajectories at different age windows across the child-
hood period (from birth to age 7 years, n = 1, 2, ...,18) in this
underrepresented population. It is noted that Cao et al*’! also
identified four BMIPCT trajectories from birth to age 18 years
in a subset of this population by a combination of K-means clus-
tering (K = 2) and principal component analysis. However, they
imputed missing BMI measurements by averaging the last and
next observed values and did not consider any time limit for the
imputation range. We addressed this limitation by the proposed
LOWESS-TLS, which increased our statistical power by incor-
porating 3029 samples (with missing records) and doubling the
available data points, which is not typically observed in other
similar studies.'315:2125] Tt is noted that, to the authors’ knowl-
edge, this appears to be the first attempt to assess the predictive
power of early childhood (age 1 or 2 years) BMIPCT trajecto-
ries on OWO in middle childhood (age 5-10 years).

There are several limitations in our study. We only employed
K-means clustering and LCGA, even though other methods
could also be used for trajectory analysis (eg, latent class anal-
ysis® and latent class growth mixture modeling!"”). Further
research is needed to ascertain more generalized conclusions
as our research focused on the BBC. Additionally, although we
applied novel imputation methods and our imputed data were
statistically consistent with the raw data, there are still other
imputation methods, such as multiple imputation,**! which can
substantially reduce missing data bias, introduce appropriate
random errors, and avoid significant loss of sample size.

In conclusion, we have demonstrated how a novel longitudi-
nal data imputation method that utilizes clinically relevant
time intervals and K-means clustering can be used to identify
BMIPCT growth trajectories. We further investigated the asso-
ciations of maternal and infant characteristics with BMIPCT
trajectories and the predictive power of the trajectories on long-
term OWO risk. These findings can help to advance early life
risk assessment and prediction, enabling targeted interventions
to prevent obesity, a major risk factor for noncommunicable dis-
eases,™ at early developmental windows.
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