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1 | INTRODUCTION

The Healthy Birth, Growth and Development knowledge integration (HBGDKi) project is a collaboration funded by the
Bill and Melinda Gates Foundation to integrate information from a wide range of different studies of child growth and
development from across the world. While the project includes some studies from countries such as the United States
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and the Netherlands, the majority are from low or middle income countries. The ultimate goal of this project is to create a
knowledge platform that can inform decisions about interventions in these lower and middle income countries in order
to enhance child growth and improve overall health and well-being.

Central to the HBGDKki goal is understanding the factors and conditions that impact on the physical growth and devel-
opment of children. Consequently, it is critical that we have reliable methods that allow the characterisation of different
growth patterns. For example, we need to identify and distinguish between children who are growing successfully and
those whose growth is faltering.! In the cases where children do falter, we wish to quantify the timing and the extent of
their recovery.>* Once we have identified methodology for characterising growth patterns, we can begin to explore the fac-
tors that predict faltering and recovery, and to explore the relationship between faltering or recovery and other outcomes
such as cognitive development.>”

The study of human growth has long been of interest to scientists and health professionals, and growth was first linked
to socio-economic status as long ago as the early 19th century.® A historical overview of growth modelling is outlined in
Hermanussen and Bogin,” but we are particularly interested in the modern statistically-oriented approaches to growth
trajectory modelling. One of the first such methods proposed was the LMS method,'® which can be seen as a precursor
to the SITAR method that is in common use today.! The increasing accessibility of statistical software has led to a recent
surge in the use statistical growth modelling approaches to model child development'*!* and investigate factors affecting
growth.'*!> However, the bulk of the existing literature has focused on models based on raw growth measurements, rather
than modelling growth relative to some global or local standard. Most people will be familiar with the use of standardised
growth charts to assess how an individual child compares with the population distribution for children of the same age
and gender. These standardised charts allow us to quantify a child's relative height or weight at a particular age in the
shape of a Z score. Different reference charts are used for male and female children so that a child's Z score at a given age
represents their size relative to the reference population of children of the same gender and age. If we continue to monitor
achild's progress as they get older, then we will obtain multiple Z scores at different ages, and these can be used to identify
whether a child's relative growth is improving or declining over time. Standard deviation scores'® can be computed to
quantify the change in a child's Z score over time, but assessing the significance of such changes is non-trivial and requires
sophisticated consideration of the expected variation in centile crossing as well as the potential impact of regression to
the mean.!”*

In addition, standard deviation scores-based measurements are limited to evaluating the growth changes between 2
timepoints for an individual child and are unable to characterise more complex growth patterns. Many epidemiologi-
cal studies, including those in the HBGDki database, involve children who have been observed at multiple timepoints,
and these timepoints are not necessarily the same for each child. Therefore, in this paper, we suggest that faltering
and recovery can be more extensively investigated by estimating each child's growth trajectory using longitudinal mod-
elling techniques. The idea of extracting indicators and measures of child growth rates from fitted longitudinal models
is not new. Grajeda et al*® model growth using linear mixed effects modelling based on regression splines. They con-
sider several different models and derive the associated derivatives of each model to characterise child-specific growth
rates. The application discussed in their paper is based on modelling of raw growth data, and although the authors point
out that the methods would also be applicable to Z scores, they do not test such models. One important contribution of
our paper will be to explore Z score modelling in more detail and to provide a quantitative comparison with raw data
modelling.

Section 2 provides a detailed description of the data available in the HBGDki database, including a discussion of the
types of outcome data, which will be modelled. In Section 3, we provide an overview of the growth modelling liter-
ature and discuss their advantages and disadvantages in our context. In Section 4, a selection of these methods are
applied to a variety of datasets from the HBDGki database, and we use a novel validation approach to test their efficacy.
Section 5 outlines some additional considerations relating to growth modelling, and then we conclude with a discussion
in Section 6.

2 | DATA

The HBDGKi project is an ambitious and ongoing initiative, which so far has amassed data from well over 100 studies.
At the time of analysis, 21 of these studies contained data with sufficient longitudinal measures of the 2 main child
growth outcomes, height (or length), and weight. In total, these longitudinal datasets contain around 800 000 observations
made on over 100 000. Data from the following studies were used in this paper: Zn Trial in Burkina Faso (bfzn,*');
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Longitudinal Growth Study in Bangladesh (bngd,*?); CMC Vellore Birth Cohort 2002 (cmc,**); Child Malnutrition and
Infection Network (cmin,**); Evaluation and Control of Neglected Mucosal Enteric Infections in Childhood (cntt,); The
Consortium Of Health-Orientated Research in Transitioning societies (cort,*®); Study of Biomarkers for Environmental
Enteropathy (ee,”); The Fels Longitudinal Study (fels,”®); Longitudinal study of BSC in Guatemala (gbsc,”); The Global
Enteric Multicenter Study (gems,*); LRTIL, RSV and Influenza Cohort Study (grip,?”); JiVitA-3: Impact of antenatal multiple
micronutrient supplementation on infant mortality (jvt**'); MRC Keneba (knba,**); Malnutrition and Enteric Disease
Study (mled,*®); Infant Growth in Peru (phua,**); Peru Persistent Diarrhea study (ppd,*); Promotion of Breast Feeding
Interventional Trial (prbt,*®); Peru Zn Fortification (pzn,*”); Respiratory Pathogens Birth Cohort (rspk,?); Social Medical
Survey of Children attending Child health Clinics (smcc,*®); Zimbabwe Vitamin A for Mothers and Babies trial (zvit,*)
children.

Table 1 provides a summary of the relevant studies, which will be considered within this paper. For data confidentiality
reasons, we have labelled these datasets using letters rather than references to their location or source. The studies vary in
terms of the number of growth observations per child, with some such as cmc having regular height or weight measure-
ments (a median of 23 per child), while others such as bfzn have less frequent observation (a median of just 2 observations
per child, with no child measured more than 4 times). Additionally, the studies cover a wide range of ages; for example,
gems covers children from birth to roughly 18 months, while cort and fels measure subjects all the way to adulthood. The
variety of the data makes it difficult to propose a single “one size fits all” modelling approach, but in this paper, we seek to
make recommendations that allow for a degree of consistency in the analysis of the datasets. Such consistency is crucial
for the final aims of this project, which include characterising the growth patterns across multiple studies and combining
the results from these studies to identify global trends in growth.

3 | METHODS

There is a large literature on growth modelling, and it is not the purpose of this paper to provide an exhaustive review of
these. However, in this section, we provide a broad overview of the different approaches that can be used for modelling

TABLE1 Summary of relevant studies within the Healthy Birth, Growth and Development
knowledge integration project

Obs Per Child Child Age, d
Dataset No. of Children No.ofObs Min Max Median Min Max Median
bfzn 7637 18983 1 4 2 168 927 541
bngd 197 2352 1 15 14 95 1903 804
cme 373 12478 23 37 34 1 1111 558
cmin 3125 35506 1 37 9 1 1846 446
cntt 197 4405 10 41 21 1 702 116
cort 20510 158892 1 19 6 1 6954 718
ee 380 8436 2 26 23 1 1175 343
fels 1544 28823 1 77 16 1 6954 2746
gbsc 315 2548 1 13 10 119 493 269
gems 22545 43158 1 2 2 5 1908 1942
grip 203 1427 1 17 1 521 136
jvt3 27363 122139 1 6 5 1 960 92
knba 2954 41587 1 69 13 0 900 309
mled 2144 46499 1 25 25 1 732 336
phua 153 1839 1 16 13 1 679 185
ppd 412 2279 1 8 7 193 1282 628
prbt 16898 174233 1 14 11 1 3287 275
pzn 302 1140 2 4 4 153 457 265
rspk 278 3177 1 33 13 1 525 211
smce 2027 15637 1 10 8 18 1095 280
it 14086 64867 1 10 5 1 1132 115
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growth data and provide some key references. Our focus lies in the characterisation of individual growth trajectories, and,
therefore, we consider only methods of relevance for longitudinal studies and do not discuss the extensive literature on
the analysis of cross-sectional growth data. While the range of growth trajectory methods are quite varied, they have an
underlying commonality in that they hypothesise that individual children vary stochastically about a population curve.*
In other words, it is assumed that there exists an overall mean curve for a particular population, and the differences
between children can be explained as deviations from this mean curve.

Consider a study that observes the growth of N children over time in terms of a particular growth measurement. This
measurement might reflect a physical characteristic such as height or weight, or may represent a mental characteris-
tic such as a cognitive score. Suppose that the ith child has this growth measurement taken at a series of timepoints
tin, tiz, ... tin,, and let Yj; represents the growth measurement taken at time ¢;. Note that there may be different numbers
of growth measurements for each child, and that the measurements are not necessarily taken at regular intervals.

Clearly, the growth of a child will depend on both their age and their gender. There are 2 broad ways to account for
this; either the age and gender can be built into the modelling process or the model can be based on age and gender
standardised versions of the growth measurements. The majority of the papers on growth modelling work with raw growth
data.!®!-13:1420 Our contribution will be to explore statistical approaches, which can be used to model the standardised Z
scores. Explicitly, modelling age and gender effects might be interesting from a biological perspective,'? but the trade-off
is that some of our degrees of freedom are used to capture the actual growth patterns rather than focusing on the trends.
In this paper, we will compare modelling techniques based on raw and standardised data. Note that trajectories modelled
under one approach can easily be converted to the other for illustrative purposes, so the purpose of our comparison is to
see which form of data should be modelled on. Our standardised data are based on height- and weight-for-age Z scores
(HAZ or WAZ) calculated with respect to the World Health Organisation standard population.*

This section will discuss the existing growth methodologies, with a particular focus on the 6 proposed growth models,
which will be compared in Section 4.

3.1 | Laird and Ware linear model

In an early paper that laid the groundwork for much of the last several decades of work on longitudinal growth curve
modelling, Laird and Ware* proposed the use of random effects as a means of characterising child-specific departures
from a global mean. Their approach allows each child to have a random intercept and slope via the following model

Yi; = po + Piti; + voi + ruitij + €35 1)

Here, y; represents the ith child's deviation from the global intercept §, and y; is their deviation from the global slope
p1. Here (y;, v1;) are assumed to follow a joint normal distribution, independent of the error term e, which also follows
a normal distribution. This model is applicable on both the raw and standardised scale; in either case we would fit an
individual straight line through our data for each child.

3.2 | Laird and Ware quadratic model

Itisclear that the random intercept and slope model is very simplistic and is unable to capture nuances such as growth fal-
tering and catchup. However, it is straightforward to extend this formulation to capture more complex non-linear trends.
For example, one can add a quadratic time effect as follows:

Y = po + puty; + ﬁztizj + yoi + n1iti; + Yzitizj + €, )

where y,; is an additional random effect, representing the ith child's departure from the global quadratic term. Note that
to avoid confusion, we will hereafter refer to this method as lwquad and use lwlinear to refer to the linear version outlined
in the previous subsection. Higher degree polynomials can also be accounted for by adding further parameters to this
formulation in a similar manner. However, such fully parametric approaches may struggle to capture the true growth tra-
jectory, and we may be able to capture subtle aspects of the data more accurately using more flexible models. Spline-based
approaches provide a more flexible framework for modelling individual growth trajectories and have therefore been used
extensively in this field.
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3.3 | SITAR

Cole et al"! proposed a method known as Superimposition by Translation and Rotation (SITAR), which involves each
individual having a curve that is a shifted and transformed version of the mean growth curve. Shifting the curve up or
down corresponds to mean changes, shifting it left or right corresponds to different growth times and the transformation
of the curves.

The SITAR model is defined as follows:

Lij — A
exp(—k;)

where w;, 4;, and k; are subject-specific random effects, and & is a natural cubic spline curve with h(f) representing the
mean curve.

A key advantage of the SITAR approach is that it describes each trajectory in terms of 3 biologically interpretable param-
eters. The parameter w; adjusts for child-specific differences in height, 4; accounts for different timing of growth spurts,
and «; accounts for different durations of growth spurts. The actual growth curve h() forms an explicit part of the model.
A consequence of this is that it is more natural to fit SITAR to the raw data, unlike the other methods outlined in this
section, which can be applied to either type of data.

3.4 | Brokenstick

Van Buuren* proposed a piecewise linear model known as the “brokenstick” model. The author proposes modelling
growth via a combination of linear segments with different slopes. This approach is essentially a linear spline model,
where the knots are used to represent changepoints in the growth trajectory.

This model is based on a partition with 2 knots at the endpoints of our dataset, and an additional M internal knots that
represent changepoints. Linear segments can then be fitted between each pair of knots, giving a global trajectory with a
total of M + 1 segments. A set of subject-specific random effects are used to control each individual child's deviation from
each segment of the global trajectory. The brokenstick model is outlined as follows:

M+1 M+1
Yij = Zﬂmzim + Z)’imzim + €ij, “4)
m=0 m=0

where f,, is a fixed effect population coefficient and y,,, is a subject-specific random effect for child i. Here, 7, is obtained
by applying a B-spline transformation® to t; to allow more flexibility in the modelling of time. The sum y;,, = f,,, + ¥in,
can be interpreted as the conditional mean for child i at the mth knot, and the set of y;,,, values can be connected by linear
segments in order to model the trajectory of child i.

It is important to give consideration to both the number and location of the internal knots when fitting this model. We
must choose a sufficient number of knots to capture the changes in growth pattern over time, but we must also avoid
overfitting. The author gives some general advice that one should not select more knots than the average number of
growth observations per child. The issue of the number of knots is explored more extensively in Section 5. The locations
of the knots are also important to the overall accuracy of the growth trajectory estimates. The author recommends that
the locations are selected to represent specific stages in a child's development, but it should be noted that this is in the
context of fitting on the raw scale. This choice may be less crucial when fitting on the Z scale, because many developmental
changes may already be accounted for by the transformation, and evenly spaced knots may provide a more straightforward
representation of the growth trajectory.

3.5 | Multilevel spline model

The brokenstick approach is based on linear splines, but higher degree polynomials can also be used to model growth
trajectories. Durban et al* proposed the use of cubic splines, thus allowing for more flexible global and individual growth
trajectories. Additionally, they used penalisation as a means of reducing the impact of overfitting. A consequence of this
is that they did not have to worry about knot choices when fitting the model. The penalised splines are represented as a
mixed model, thus allowing for fast and computationally efficient fitting using existing mixed model software. This model
is defined as follows:

Y = f(ty) + &i(ti)) + €i), (5)
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where fis a smooth function that represents the population trend and g; is a smooth function that represents child i's
K

deviation from the population trajectory. Here, f(t;;) = fo + p1ti; + Zuk(ti ; — kx), where f is the fixed population mean,

k=1

p; is the fixed population slope, and «, ... kg is a set of knots on range of observed ages. The subject-specific smooth
K

function is defined in a similar way as g(t;;) = ai + apti; + ka(ti ; — kx), where a; and a;; are random effects controlling
k=1

the linear deviation from the mean trend for child i, and the remaining term controls the non-linear deviation from the
mean curve. The choice of penalised splines for both fand g; is more robust to the user's choice of the number of knots,
because of its inbuilt penalty for overspecification of knots.

3.6 | Functional principal components analysis

As was outlined for the previous model, the longitudinal growth data can be considered to be a form of functional data,
and, therefore, techniques from the field of functional data analysis have been proposed. Xiao et al** outlined the fast
covariance estimation (FACE) approach, which was designed specifically for sparse longitudinal data of the form outlined
in this paper. This approach assumes that the data take the form

Yi = f(t) + hi(t;) + €. (6)

This is similar in form to the penalised spline model (5), with the smooth function frepresenting the population curve
and h;() representing individual departures from this population curve. The main difference between these models is
the specification of the subject-specific deviation terms. Model (5) uses a combination of random effects and smoothing
splines to account for each child's departure from the mean, while the FACE approach in model (6) uses a stochastic
process h;() to represent each individual's deviation from this mean curve. Here, h;() is considered to be a stochastic
process with mean 0 and covariance function C(). The covariance function C() is estimated via a 2-stage approach by first
constructing a raw matrix and then applying a bivariate smoother. This covariance function is then used to specify h;()
and thus identify the child-specific deviation from the mean curve.

3.7 | Software

As part of the HBDGKi initiative, we have developed the hbgd software package that allows the user to fit Models (1) to
(6) under consistent conditions. This package is available at https://github.com/HBGDki/hbgd.

4 | COMPARING METHODS VIA CROSS-VALIDATION

We wish to perform a comparison to identify which of our proposed modelling approaches perform best in terms of
estimating the true growth trajectory and also predicting future growth trajectories. We also wish to determine whether
modelling on the raw or standardised scale is more likely to yield accurate trajectories. Preliminary testing showed that
the 2 Laird and Ware models were not competitive with the other approaches, and that SITAR often had difficulties
converging when fitted to larger datasets. We therefore focus on comparing the other 3 models; brokenstick, penalised
splines, and FACE. We will fit each of these models on both the Z scores and the raw data, giving a total of 6 different
modelling approaches to compare. In an idealised setting, we might assess the performance of each modelling approach
by collecting more data and making predictions for the newly enrolled subjects. Since this is generally not feasible, the true
performance of each modelling approach could instead be approximated via sample-splitting techniques. In particular,
we rely on the principles of K-fold cross-validation,*” evaluating the performance of each model based on out-of-sample
(validation) subjects. This allows us to fairly assess the performance of each growth modelling approach. For a given study
dataset, the K-fold cross-validation procedure is implemented as follows. We start by assigning each independent subject
to only one of K nearly-equal and disjoint partitions of the study data.
For each growth modelling approach, we then repeat the following procedure k = 1, ... , K times:

« We construct a validation set that consists only of the kth partition of the subjects and combine all the remaining K — 1
partitions into a training set.
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« We fit a specific growth model based on the training set alone.

« For each child in the validation set, we remove a single growth measurement (holdoutp). For each validation subject,
we then use the results from the model fitted on the training dataset to predict the holdout measurement, using the
subject's remaining growth measurements (non-holdouts) as predictors.

« We then evaluate the accuracy of these predictions for each subject in the validation set by comparing their predicted
and holdout growth measurements using the mean squared error (MSE).

The predictive accuracy of each model is then computed as the average of the MSE across all K validation sets. This
K-fold cross-validation procedure allows us to assess the performance of a given growth model based for every subject
available in the data, since each subject gets a chance to be a part of only one of the K validation sets.

Lety = (y;, ... ,V,,) be a vector containing the observed values of our held out data from m children, and let y =
(1, ..., Ym) be the vector of predictions for those values. Then the MSE is given by

m
MSE = = 3" (3 - 0%
mi3
A lower MSE suggests that a model did a good job of accurately predicting the value of the removed observation. Note
that to ensure consistency, the MSEs were always calculated on the Z scale. In the cases where the models were fitted on
the raw data, we transformed the resulting trajectory to the Z scale in order to calculate the MSE. The Z transformation
is monotonic, and, therefore, our results are not affected by our decision to calculate the MSEs on the Z scale rather than
the raw scale.

We note that an alternative approach for testing the performance of a given modelling approach would be by making
predictions for every available growth measurement of each validation subject. For example, one could implement a pro-
cedure that for a given validation subject would start by choosing the first available growth measurement as a holdout
(ie, removing it), then making predictions using the rest of the available growth measurements, and so on, until the last
available growth measurement on that subject has been used as a holdout. By averaging the subject-specific loss across all
holdout predictions, one might be able to obtain a more accurate assessment of the model performance. However, given
the size and the number of the datasets considered in this work, such a procedure is currently computationally impos-
sible to implement. Thus, we restrict ourselves to only using a single holdout observation on each validation subject.
Nonetheless, our presented K-fold cross-validation procedure remains valid and provides a fair assessment of the perfor-
mance of various growth modelling approaches. In particular, the above described cross-validation procedure assesses the
model generalisability for imputation of the missing growth measurements for a new (unseen) subject, given the available
growth information on that subject.

Two different approaches were used for selecting the observations, which are held out for each child as part of the double
validation dataset; a “random value” approach and a “last value” approach. For the random value approach, we randomly
selected the held out observation from the set of all observations for the child. This approach tests the accuracy of the
overall model fit, by focusing on how well it can interpolate at unobserved timepoints. A similar approach was outlined
by Grajeda et al,*® who randomly removed 20% of observations per child. However, we also include a novel “last value”
approach, which involves removing the final observation for each child, ie, the observation at which the child is oldest.
This approach tests the predictive ability of the models, with a particular focus on the kind of short-term extrapolation
which such models could realistically be used for. Such future prediction is particularly important in the context of the
HBGDKi project, where we may frequently wish to use a child's observed trajectory to make inference about the effects of
an intervention on future growth.

We note that the quality of fit and predictive ability of these methods could also have been tested using a simulation
study with known parameters. However, in this case, we already having such a varied range of real datasets at our disposal,
and we felt that it was preferable to use this cross-validation approach. This also means that the conclusions we draw
here are directly applicable to the datasets on which we wish to perform our analysis. The cross-validation approach that
we outline here is by no means restricted to the datasets or methods discussed in this paper; similar methods could be
applied to test different models and/or different datasets within any longitudinal modelling context.

4.1 | Illustrative example—cntt

As discussed in Section 2, we are studying 21 different datasets with longitudinal growth measures, and Section 4.2 will
summarise the results obtained from each of our 21 datasets. However, for the purposes of illustration, we will present
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detailed results from the cntt dataset in this section. This dataset contains height and weight measurements from 197
children in a low income country. A total of 4405 height observations were taken over the study period, with a median of
21 observations per child.

Figures 1 and 2 display the fitted growth trajectories of a single randomly selected child under each of our eleven
proposed modelling strategies. In each case, we used the random holdout approach and fitted the model on the remaining
data. For each panel of the plots, the points represent observed HAZ scores for the child, while the line is the fitted
trajectory under the selected model. The filled point is the one that was held out for validation. Figure 1 displays the cases
where the models were fitted on the raw data, while Figure 2 is based on the Z scores. Note that the third panel of Figure 2
does not have a fitted line because we cannot fit the SITAR model on the Z scores.

Figure 1 shows that the Laird and Ware approaches are not flexible enough to model a sensible growth curve based
on these data. Each of the other 4 models appear to do a reasonable job of estimating the growth trajectories of the
children. In Figure 2, we identify more nuanced differences between the models as a result of the transformation of the
data. It appears that the brokenstick and face approaches perform best in terms of how well they predicted the holdout
value. These models have more flexibility to account for this child's fluctuation in HAZ score between the ages of 400
and 600 days. The penalised spline model provides a reasonable fit but appears to be slightly too smooth to capture this
fluctuation, while the Laird and Ware models are unable to capture particular feature of the child's growth trajectory and
perform poorly as a result.

4.2 | Cross-validation

The comparison process outlined in Section 4.1 was repeated on each of the other 20 datasets. Each of these datasets have
different features, and we are interested in comparing the methods in terms of MSE to test how robust each method is to
different data structures.

Brokenstick FACE Laird & Ware (linear)

90-

80~

70-

60-

Laird & Ware (quadratic) Penalised Splines SITAR

htecm

90 - -

80~

70~

60-

200 400 600 200 400 600 200 400 600
agedays
FIGURE1 Fitted growth trajectory of a single child based on fitting each of our 6 models on the raw scale. The blue dots are the data, the
black dot is the held out datapoint, and the red line is the model fit. FACE, fast covariance estimation; SITAR, Superimposition by Translation
and Rotation [Colour figure can be viewed at wileyonlinelibrary.com]
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Brokenstick FACE Laird & Ware (linear)

0.5-

0.0-
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N
8 Laird & Ware (quadratic) Penalised Splines SITAR
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-0.5-

Z[IJO 460 6(‘)0 2(‘)0 460 6(’)0 260 4(’)0 G(IJD
agedays
FIGURE 2 Fitted growth trajectory of a single child based on fitting 5 of our models on the Z scale (SITAR was not fitted on this scale). The
blue dots are the data, the black dot is the held out datapoint, and the red line is the model fit. FACE, fast covariance estimation; HAZ,
height-for-age Z score; SITAR, Superimposition by Translation and Rotation [Colour figure can be viewed at wileyonlinelibrary.com]|

The results of the random value validation approach are shown in Table 2, with the lowest MSE for each dataset dis-
played in bold. Across the 21 datasets, we can see that the brokenstick and FACE approaches generally provide lower
MSE values than any of the other approaches whether they are fit on the Z score or raw scale. We note that for the ran-
dom holdout approach, fitting on the Z-score scale tends to provide lower MSE values. This is unsurprising, since fitting
on the raw scale will typically use up some of our degrees of freedom on the overall curve fit, rather than just focusing on
an accurate fit relative to a standard growth curve.

We can see that FACE provides better estimates than brokenstick for 12 datasets, while there are 7 datasets where the
brokenstick approach is more effective. In general, brokenstick appears to work better when there a low number of obser-
vations per child, which makes it more difficult for FACE to accurately estimate the necessary principal components.
There were a total of 8 datasets (cort, fels, gems, jvt3, knba, mled, prbt and zvit), where FACE was unable to provide a suc-
cessful fit because of the large size of the dataset. Fast covariance estimation is a more computationally complex approach
than brokenstick and is thus more likely to run into such issues.

The relative performance of the modelling approaches was similar under the last value validation approach, as shown
in Table 3. However, in this scenario, there was less of a difference in performance between the raw scale and the Z-score
scale. This is likely to be because we are extrapolating from our data, which is likely to lead to larger deviations from the
truth. If we are fitting on the Z scale, these larger errors will be inflated when transforming to the true curve.

Again, FACE provides the lowest MSE for most of the datasets but was unable to provide a fit for the very large datasets.
Overall, it appears that the FACE approach represents the most accurate of the modelling approaches discussed here,
both in terms of internal and external prediction. However, the brokenstick approach provides a credible alternative, and
may prove to be particularly useful in cases where we have larger datasets, or where the number of observations per
child is very low. The brokenstick approach is likely to work successfully on a wider range of datasets, and as a result, we
recommend it as the optimal modelling approach.

We are also interested in comparing the models fitted on the Z scale to those fitted on the raw data. Figure 3 presents a
comparison of the MSEs obtained from modelling raw and Z-scale data using the brokenstick model with random holdout.
Each point represents a single dataset, and the x-axis displays the MSE from fitting on the Z scale, while the y-axis displays
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TABLE 2 MSE results for random value holdout cross-validation®

Brokenstick (raw) Brokenstick (Z) FACE (raw) FACE (Z) Penalised Splines (raw) Penalised Splines (Z)

bfen 017 0.16 0.17 0.17 1.58 0.19
bngd 0.10 0.06 0.10 0.06 1.37 0.38
cme  0.36 0.27 0.23 0.24 0.26 0.29
cmin  0.55 0.29 0.27 0.27 0.32 0.32
cntt 0.07 0.05 0.04 0.04 0.07 0.07
cort 3.14 0.50 1.05 0.61
ee 0.21 0.18 0.12 0.11 0.16 0.16
fels 1.18 0.14 0.25 0.14
gbsc  0.07 0.07 0.06 0.06 2.01 0.17
gems 0.36 0.34 0.36 0.36
grip 044 0.42 0.40 0.41 0.50 0.51
Jjve3 0.89 0.40 0.42 0.42
knba  0.59 1.20 0.62 0.81
mled 0.22 0.19 0.19 0.19
phua 0.18 0.13 0.12 0.12 1.03 0.16
ppd 0.06 0.06 0.06 0.06 211 0.13
prbt  1.55 0.91 0.84 0.81
pzn 0.08 0.08 0.08 0.07 3.07 0.12
rspk  0.54 0.52 0.47 0.46 0.56 0.54
smee  0.35 0.26 0.26 0.26 4.37 0.58
it 1.44 1.18 1.18 1.17

Abbreviations: FACE, fast covariance estimation; MSE, mean squared error.
2The lowest MSE for each dataset is displayed in bold.

TABLE 3 MSE results for last value holdout cross-validation®
Brokenstick (raw) Brokenstick (Z) FACE (raw) FACE (Z) Penalised Splines (raw) Penalised Splines (Z)

bfzn 0.16 0.16 0.17 0.17 0.82 0.18
bngd  0.08 0.10 0.07 0.07 1.17 0.38
cmce 0.10 0.15 0.07 0.13 0.17 0.30
cmin  0.31 0.25 0.25 0.25 0.29 0.35
cntt 0.04 0.04 0.04 0.04 0.07 0.07
cort 0.94 0.50 0.59 0.56
ee 0.04 0.06 0.04 0.04 0.06 0.06
fels 0.41 0.14 0.27 0.18
gbsc 0.06 0.06 0.06 0.06 0.91 0.12
gems  0.34 0.33 0.35 0.36
grip 0.36 0.36 0.36 0.36 0.44 0.44
Jjvt3 0.66 0.46 0.50 0.50
knba  0.50 0.57 0.55 0.60
mled  0.13 0.14 0.14 0.14
phua  0.16 0.16 0.24 0.30 0.60 0.21
ppd 0.10 0.10 0.10 0.10 1.71 0.16
prbt 0.59 0.62 0.70 0.59
pzn 0.11 0.11 0.11 0.11 0.74 0.15
rspk 0.51 0.51 0.49 0.49 0.56 0.55
smec 0.72 0.72 0.71 0.71 2.82 1.49
Zvit 1.11 1.02 1.04 1.03

Abbreviations: FACE, fast covariance estimation; MSE, mean squared error.
2The lowest MSE for each dataset is displayed in bold.
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Brokenstick with Random Holdout: HAZ vs Raw Height

MSE when fitting on raw height (cm)

0 1 2 3
MSE when fitting on HAZ

FIGURE 3 Comparison of results from fitting the brokenstick model on raw data and on Z-transformed data. Each point represents the
MSE values obtained from random holdout on 1 dataset. HAZ, height-for-age Z score; MSE, mean squared error [Colour figure can be viewed
at wileyonlinelibrary.com]|

the MSE from fitting on the raw data. We can see that almost all of the points lie above the line of equality, which means
that the MSEs were lower when we fitted the data on the Z scale. Figure 4 is a similar plot for the last value holdout. Here,
we see that most of the points lie on or near the line of equality, though there are a handful of points that lie well above the
line. We can see that, in general, fitting on the Z scale leads to more accurate estimation, and as a result, we recommend
fitting our models on the Z scale in all cases.

5 | FURTHER EXTENSIONS

In Section 4, we compared 3 models across 2 different fitting styles on a total of 21 datasets. This represents a very thorough
and rigourous exploration of fitting techniques, but nonetheless there are other issues that must be considered in our
analysis.

Each of the 3 most best performing approaches outlined in this paper rely on the user selecting a number of knots in
advance. In the analysis in the previous section, we selected these parameters using the inbuilt model defaults, which
deterministically select the number and range of parameters based on the size and age range of the dataset. However, it
is also important to test how sensitive the results are to these choices. We therefore repeated the analysis on dataset E
using various different parameter choices, and the results of these tests are outlined in Tables 4 to 6. We see that within
each method, the MSE remains fairly stable regardless of the number of knots selected, with only a couple of exceptions.
We note that the MSE is slightly higher for the brokenstick model with just 3 knots, which is likely because we do not
have enough flexibility to accurately model the data. We also see that the penalised spline model performs more poorly in
the cases where we have a larger number of subject-specific splines, which is likely down to overfitting. However, we see
that the results for this model are constant across different numbers of population level knots, which is expected because
of the inbuilt penalisation term in the model. These results suggest that our validation test is not hugely sensitive to the
number of knots selected, and that in most cases the inbuilt model defaults for brokenstick or FACE will be suitable.

One of the key aims of this paper is to accurately characterise growth trajectories in order to explore the relationships
between growth faltering and other outcomes. To do this, we must extract sensible indicators of growth from these trajec-
tories, for example, mean growth over a particular time period, number of days in a particular growth state, or indicators
relating to growth derivative. One measure of particular interest is the mean derivative over the first year, which acts as
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Brokenstick with Last Value Holdout: HAZ vs Raw Height

MSE when fitting on raw height (cm)

0.0 0.5 1.0 1.5
MSE when fitting on HAZ

FIGURE 4 Comparison of results from fitting the brokenstick model on raw data and on Z-transformed data. Each point represents the
MSE values obtained from last value holdout on 1 dataset. HAZ, height-for-age Z score; MSE, mean squared error [Colour figure can be
viewed at wileyonlinelibrary.com|

TABLE 4 Mean squared error for brokenstick model
with different numbers of knots

Knots Random Holdout Last Value Holdout

3 0.083 0.088
4 0.059 0.050
5 0.054 0.042
6 0.051 0.042
7 0.049 0.044

TABLE 5 Mean squared error for fast covariance
estimation model with different numbers of knots

Knots Random Holdout Last Value Holdout

4 0.051 0.046
6 0.049 0.043
8 0.045 0.044
10 0.043 0.043
12 0.042 0.043

an indicator of the rate of growth during a formative change in a child's life. Future work will explore the relationship
between this growth measure and cognitive function across multiple studies.

6 | DISCUSSION

In this paper, we outlined a thorough comparison of a variety of commonly used methods for characterising child growth
trajectories. We tested 3 different models across 21 datasets from the HBDGki database in terms of the accuracy of their
model fit and also their ability to predict future growth patterns. These datasets had different characteristics in terms of the
number of children and frequency of measurements, but our results showed that 2 models, brokenstick and FACE were
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TABLE 6 Mean squared error for penalised spline model with different numbers of knots

Population Knots Individual Knots Random Holdout Last Value Holdout

5 3 0.120 0.077
5 5 0.111 0.066
5 7 0.230 0.203
10 3 0.120 0.076
10 5 0.112 0.065
10 7 0.227 0.205
15 3 0.122 0.077
15 5 0.112 0.066
15 7 0.228 0.205

consistently the best performing approaches. The FACE model provided slightly better estimation overall but had some
difficulties fitting on larger datasets and also those with a very small number of observations per child. The brokenstick
approach was more robust in these circumstances because it is a less computationally complex model.

We were also interested in whether it was more beneficial to use standardised Z scores or to fit on the original scale,
and, therefore, we tested our models on both types of data. We identified that the Z-score models were superior in terms
of accurate fits, and that there was little difference between the approaches in terms of predicting future growth. One of
our overall goals is to provide an integrated modelling framework for all of these datasets, and, therefore, it is important
to have consistency in our modelling approaches. As a result, we recommend the use of the brokenstick model with
standardised Z-score data. Aside from the accuracy of the fit, another key advantage of the brokenstick model is that it is
easier to fit and provides easily interpretable estimates of child growth trajectories. There will certainly be other potential
modelling approaches out there, and this recommendation is based only on the methods, which we have studied. A key
advantage of our modelling framework is that any potential new method could easily be incorporated and compared with
the existing methods.

The work presented in this paper may motivate future work in the area of growth modelling. It is possible to use indi-
cators extracted from our growth trajectories to investigate the effects of growth faltering on other outcomes. It is also
possible to use these indicators to consider factors which may lead to growth faltering in the first place. This work could
also have implications for the design of future epidemiological studies. We have identified sensible techniques for accu-
rately modelling growth trajectories and have shown that they still perform well on sparse datasets. It may therefore be
possible to design more efficient studies with a smaller number of measurements per child, while still retaining the ability
to accurately model growth.

Here, we have presented a set of univariate modelling approaches, which can be used for height or weight data, but, of
course, one could also consider a multivariate approach, which models for height and weight simultaneously. The biggest
challenge for such an approach is the added computational complexity; we have already noted that some of the exist-
ing univariate approaches struggle with larger datasets. There may also be some scope for developing a meta-regression
approach, which would allow us to account for the heterogeneity between studies when combining our results. Here, we
focused on characterising growth patterns for individual children based on population mean trends, but if we wish to
make inferences about other quantities such as lower or upper quantiles then quantile regression approaches could be
considered.

The goal of the HBGDKi project is to integrate information from a variety of studies from across the world in order
improve overall health and well-being in children. It is therefore crucial that we identify accurate and reliable models for
characterising growth trajectories in order to distinguish between children who have healthy growth and those whose
growth is faltering. This allows us to explore factors that predict faltering, and also the effect of poor growth on future
health, thus providing a framework for influencing decision making both in the field and at the governmental level.

ACKNOWLEDGEMENTS

This study was supported by the Bill & Melinda Gates Foundation. The article contents are the sole responsibility of the
authors and may not necessarily represent the official views of the Bill & Melinda Gates Foundation or other agencies that
may have supported the primary data studies used in the present study. The authors wish to recognize the members of the
HBGDki community, including the principal investigators and their study team members for their generous contribution



14_|_Wl LEY_StatiStiCS ANDERSON ET AL.

of the data that made this report possible and the members of the HBGDki team who directly or indirectly contributed to
the study. In particular, we would like to thank the following team members for their contributions to this work: Diego
Bassani, The Hospital for Sick Children, Toronto; William Checkley, Johns Hopkins University; Jonathan French, Metrum
Research Group; Ted Grasela, Bill & Melinda Gates Foundation; Jonas Haggstrom, Bill & Melinda Gates Foundation;
Tom Peppard, Bill & Melinda Gates Foundation; Amy Racine, Novartis; Daniel Roth, The Hospital for Sick Children,
Toronto; Elly Trepman, Manuscript Surgeon; Stef van Buuren, The Netherlands Organisation, Leiden; and Luo Xiao,
North Carolina State University.

HBGDKI COMMUNITY MEMBERS AND THEIR AFFILIATIONS

Claudia B. Abreu, Universidade Federal do Ceara, Fortaleza, Brazil; Angel Mendez Acosta, A.B. PRISMA, Iquitos, Peru;
Linda S. Adair, University of North Carolina at Chapel Hill, Chapel Hill, NC; Imran Ahmed, Aga Khan University,
Karachi, Pakistan; Tahmeed Ahmed, icddr,b, Dhaka, Bangladesh; A.M. Shamsir Ahmed, icddr,b, Dhaka, Bangladesh;
Sheraz Ahmed, Aga Khan University, Karachi, Pakistan; Tauseefullah Akhund, Aga Khan University, Karachi, Pakistan;
Didar Alam, Aga Khan University, Karachi, Pakistan; Md Ashraful Alam, icddr,b, Dhaka, Bangladesh; Hasmot Ali, The
JiVitA Project, Gaibandha, Bangladesh; Asad Ali, Aga Khan University, Karachi, Pakistan; Ramya Ambikapathi, Fogarty
International Center/National Institutes of Health, Bethesda, MD; Purdue University, Department of Nutrition Science,
IN; Geetha Ammu, Christian Medical College, Vellore, India; Caroline Amour, Haydom Lutheran Hospital, Haydom,
Tanzania; Joanne E. Arsenault, University of California, Davis, Davis, CA; Josephine Avila, USC-Office of Population
Studies Foundation, Inc., Cebu, Philippines; Sudhir Babji, Christian Medical College, Vellore, India; Leah Barrett, Univer-
sity of Virginia, Charlottesville, VA; Isabelita Bas, USC-Office of Population Studies Foundation, Inc., Cebu, Philippines;
Aubrey Bauck, Johns Hopkins University, Baltimore, MD; Eliwaza Bayyo, Haydom Lutheran Hospital, Haydom, Tanza-
nia; Stan Becker, Johns Hopkins Bloomberg School of Public Health, Baltimore, MD; France Begin, UNICEF, New York,
NY; Elodie Bequey, International Food Policy Research Institute, Washington, DC; Pascal Bessong, University of Venda,
Thohoyandou, South Africa; Santosh K. Bharghava, SL Jain Hospital, Delhi, India; Zulfigar A. Bhutta, Aga Khan Univer-
sity, Karachi, Pakistan; Robert E. Black, Johns Hopkins Bloomberg School of Public Health, Baltimore, MD; Ladaporn
Bodhidatta, Armed Forces Research Institute of Medical Sciences, Bangkok, Thailand; Judith Borja, USC-Office of Popu-
lation Studies Foundation, Inc., Cebu, Philippines; Anuradha Bose, Christian Medical College, Vellore, India; Kenneth H.
Brown, Bill & Melinda Gates Foundation, Seattle, WA; Delia B. Carba, USC-Office of Population Studies Foundation, Inc.,
Cebu, Philippines; J. Daniel Carreon, Fogarty International Center/National Institutes of Health, Bethesda, MD; Laura
Caulfield, Johns Hopkins University, Baltimore, MD; Fernando Celso Lopes Fernandes de Barros, Universidade Catdlica
de Pelotas, Pelotas, Brazil; Ram Krishna Chandyo, Institute of Medicine, Tribhuvan University, Kathmandu, Nepal; Cesar
Banda Chavez, A.B. PRISMA, Iquitos, Peru; William Checkley, Johns Hopkins University, Baltimore, MD; Fogarty Inter-
national Center/National Institutes of Health, Bethesda, MD; Parul Christian, Johns Hopkins Bloomberg School of Public
Health, Baltimore, MD; Hilda Costa, Universidade Federal do Ceara, Fortaleza, Brazil; Hilary Creed Kanashiro, Nutri-
tion Research Institute, Lima, Peru; Alessandra Di Moura, Universidade Federal do Ceara, Fortaleza, Brazil; Rebecca
Dillingham, University of Virginia, Charlottesville, VA; Viyada Doan, Fogarty International Center/National Institutes of
Health, Bethesda, MD; Bai Lamin Dondeh, MRC Unit The Gambia at London School of Hygiene and Tropical Medicine,
Atlantic Boulevard, Fajara, Banjul, Serrekunda, The Gambia; José Quirino Filho, Universidade Federal do Ceara, Fort-
aleza, Brazil; Foundation for the National Institutes of Health, Bethesda, MD; Julian Torres Flores, A.B. PRISMA, Iquitos,
Peru; Ajila T. George, Christian Medical College, Vellore, India; Michael Gottlieb, Foundation for the National Institutes of
Health, Bethesda, MD; Jean Gratz, University of Virginia, Charlottesville, VA; Richard L. Guerrant, University of Virginia,
Charlottesville, VA; Socorro Gultiano, USC-Office of Population Studies Foundation, Inc., Cebu, Philippines; Rashidul
Haque, icddr,b, Dhaka, Bangladesh; Umma Haque, icddr,b, Dhaka, Bangladesh; Dinesh Hariraju, Christian Medical
College, Vellore, India; Alexandre Havt, Universidade Federal do Ceara, Fortaleza, Brazil; Sonja Y. Hess, University of
California, Davis, Davis, CA; Christel Hoest, Fogarty International Center/National Institutes of Health, Bethesda, MD;
Md Igbal Hossain, icddr,b, Dhaka, Bangladesh; Eric Houpt, University of Virginia, Charlottesville, VA; Jean Humphrey,
Johns Hopkins Bloomberg School of Public Health, Baltimore, MD; Zvitambo Institute for Maternal and Child Health
Research, Harare, Zimbabwe; Munirul Islam, icddr,b, Dhaka, Bangladesh; M. Steffi Jennifer, Christian Medical College,
Vellore, India; Sushil John, Christian Medical College, Vellore, India; Shiny Kaki, Christian Medical College, Vellore,
India; Gagandeep Kang, Christian Medical College, Vellore, Vellore, India; Priyadarshani Karunakaran, Christian Med-
ical College, Vellore, India; Stacey Knobler, Fogarty International Center/National Institutes of Health, Bethesda, MD;
and Margaret N. Kosek, Johns Hopkins Univ.



ANDERSON ET AL WL EY-Statistics s

SOURCES OF SUPPORT

This work is supported, in part, by the following: Asian Development Bank; Bill & Melinda Gates Foundation; Brazilian
Ministry of Health; Brazilian Research Council (CNPq); British Heart Foundation; Canadian International Development
Agency; Canadian International Development Research Centre; Carolina Population Center; Department for Interna-
tional Development, UK; Department of Biotechnology, India; DST-NRF Centre of Excellence in Human Development at
the University of the Witwatersrand, Johannesburg, South Africa; Fogarty International Center; Ford Foundation; Human
Sciences Research Council of South Africa; Indian Council of Medical Research; International Development Research
Center, Canada; LG Laboratories; Medical Research Council, UK; Mellon Foundation; Micronutrient Initiative; National
Center for Health Statistics, USA; National Institutes of Health; National Science Foundation; Nestle Coordinating Center
for Nutrition Research; Nestle Research Foundation; Nutricia Research Foundation; Nutriset; Rio Grande do Sul Research
Council (FAPERGS); South African Medical Research Council; Thrasher Research Fund; UK Department for Interna-
tional Development (DFID) Wellcome Trust; UK Medical Research Council (MRC); University of the Witwatersrand,
Johannesburg, South Africa; US Agency for International Development; US National Academy of Science; US National
Institutes of Health; US Public Health Service; Wellcome Trust UK; Wenner Gren Foundation; World Bank; World Health
Organization; World Health Organization Control of Diarrheal Diseases Programme; and Wyeth International.

ORCID

Craig Anderson" http://orcid.org/0000-0003-1554-5727

REFERENCES

1. Shields B, Wacogne I, Wright C. Weight faltering and failure to thrive in infancy and early childhood. BMJ. 2012;345:¢5931.

2. Martorell R, Khan L, Schroeder D. Reversibility of stunting: epidemiologic findings from children in developing countries. EurJ Clin Nutr.
1994;48 (Suppl 1):S45-S57.

3. Checkley W, Epstein L, Gilman R, Black R, Cabrera L, Sterling C. Effects of Cryptosporidium parvum infection in Peruvian children:
growth faltering and subsequent catch-up growth. Am J Epidemiol. 1998;148:497-506.

4. Lundeen E, Behrman J, Crookston B, et al. Growth faltering and recovery in children aged 18 years in four low- and middle-income
countries: Young Lives. Public Health Nutr. 2014;17:2131-2137.

5. Norgan N. Long-term physiological and economic consequences of growth retardation in children and adolescents. Proc Nutr Soc.
2000;59:245-256.

6. Crookston B, Penny M, Alder S, et al. Children who recover from early stunting and children who are not stunted demonstrate similar
levels of cognition. J Nutr. 2010;140:1996-2001.

7. Fink G, Rockers P. Childhood growth, schooling, and cognitive development: further evidence from the Young Lives study.Am J Clin Nutr.
2014;1:182-188.

8. Tanner J. A History of the Study of Human Growth. Cambridge: Cambridge University Press; 1981.

9. Hermanussen M, Bogin B. Auxology—an editorial. Ital J Pediatr. 2014;40:8.
10. Cole T, Green P. Smoothing reference centile curves: the LMS method and penalized likelihood. Stat Med. 1992;11:1305-1319.
11. Cole T, Donaldson M, Ben-Shlomo Y. SITAR, a useful instrument for growth curve analysis. Int J Epidemiol. 2010;39:1558-1566.

12. Howe L, Tilling K, Matijasevic A, et al. Linear spline multilevel models for summarising childhood growth trajectories: a guide to their
application using examples from five birth cohorts.Stat Methods Med Res. 2013;5:1854-1874.

13. Fairley L, Petherick E, Howe L, et al. Describing differences in weight and length growth trajectories between white and Pakistani infants
in the UK: analysis of the Born in Bradford birth cohort study using multilevel linear spline models. Arch Dis Child. 2013;98:274-279.

14. Checkley W, Epstein L, Gilman R, Cabrera L, Black R. Effects of acute diarrhea on linear growth in Peruvian children. Am J Epidemiol.
2003;157:166-175.

15. Jaganath D, Saito M, Gilman R, et al. First detected Helicobacter pylori infection in infancy modifies the association between diarrheal
disease and childhood growth in Peru. Helicobacter. 2014;19:272-279.

16. Cole T. Presenting information on growth distance and conditional velocity in one chart: practical issues of chart design. Stat Med.
1998;17:2697-2707.

17. Cole T. The development of growth references and growth charts. Ann Hum Biol. 2012;39:382-394.

18. Haymond M, Kappelgaard A, Czernichow P, Biller B, Takano K, Kiess W. Early recognition of growth abnormalities permitting early
intervention. Acta Paediatr. 2013;102:787-796.

19. LeroyJ, Ruel M, HabichtJ, Frongillo E. Using height-for-age differences (HAD) instead of height-for-age z-scores (HAZ) for the meaningful
measurement of population-level catch-up in linear growth in children less than 5 years of age.BMC Pediatr. 2015;15:145.

20. Grajeda L, Ivanescu A, Saito M, et al. Modelling subject-specific childhood growth using linear mixed-effect models with cubic regression
splines.Emerg Themes Epidemiol. 2016;13:1


http://orcid.org/0000-0003-1554-5727
http://orcid.org/0000-0003-1554-5727

16_|_Wl LEY_StatiStiCS ANDERSON ET AL.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.
42.

43.
44.
45.

46.

47.

Hess S, Abbeddou S, Yakes E, et al. Small-quantity lipid-based nutrient supplements together with malaria and diarrhea treatment improve
growth and neurobehavioral development in young Burkinabe children. PLoS ONE. 2015;10:e0122 242

Brown KH, Black RE, Becker S, Hoque A. Patterns of physical growth in a longitudinal study of young children in rural Bangladesh. Am
J Clin Nutr. 1982;36(2):294-302.

Rehman AM, Gladstone BP, Verghese VP, Muliyil J, Jaffar S, Kang G. Chronic growth faltering amongst a birth cohort of Indian children
begins prior to weaning and is highly prevalent at three years of age. Nutr J. 2009;8(1):44.

MAL-ED Network Investigators and others. Childhood stunting in relation to the pre- and postnatal environment during the first 2 years
of life: The MAL-ED longitudinal birth cohort study. PLoS Medicine. 2017;14(10):e1002 408.

European commission: Community research and development information service. content project. https://cordis.europa.eu/project/rcn/
81320_en.html.

Richter LM, Victora CG, Hallal PC, et al. Cohort profile: the consortium of health-orientated research in transitioning societies. Int J
Epidemiol. 2011;41(3):621-626.

Igbal NT, Sadiq K, Syed S, et al. Promising biomarkers of environmental enteric dysfunction: A prospective cohort study in Pakistani
children. Sci Rep. 2018;8(1):2966.

Guo SS, Zeller C, Chumlea WC, Siervogel RM. Aging, body composition, and lifestyle: the fels longitudinal study. Am J Clin Nutr.
1999;70(3):405-411.

Begin F, Santizo M, Peerson J, Torun B, Brown K. Effects of bovine serum concentrate, with or without supplemental micronutrients, on
the growth, morbidity, and micronutrient status of young children in a low-income, peri-urban Guatemalan community. Eur J Clin Nutr.
2008;62(1):39.

Kotloff KL, Nataro JP, Blackwelder WC, et al. Burden and aetiology of diarrhoeal disease in infants and young children in developing
countries (the global enteric multicenter study, gems): a prospective, case-control study. Lancet. 2013;382(9888):209-222.

West KP, Shamim AA, Mehra S, et al. Effect of maternal multiple micronutrient vs iron-folic acid supplementation on infant mortality
and adverse birth outcomes in rural Bangladesh: the jivita-3 randomized trial. JAMA. 2014;312(24):2649-2658.

Hennig BJ, Unger SA, Dondeh BL, et al. Cohort profile: The Kiang West longitudinal population study -a platform for integrated research
and health care provision in rural Gambia. Int J Epidemiol. 2015;46(2):e13-e13.

MAL-ED Network Investigators and others. Relationship between growth and illness, enteropathogens and dietary intakes in the first 2
years of life: findings from the MAL-ED birth cohort study. BMJ Global Health. 2017;2(4):e000 370.

Lopez de Romana G, Brown KH, Black RE, Kanashiro HC. Longitudinal studies of infectious diseases and physical growth of infants in
Huascar, an underprivileged peri-urban community in Lima, Peru. Am J Epidemiol. 1989;129(4):769-784.

Penny ME, Peerson JM, Marin RM, et al. Randomized, community-based trial of the effect of zinc supplementation, with and without
other micronutrients, on the duration of persistent childhood diarrhea in Lima, Peru. J Pediatr. 1999;135(2):208-217.

Kramer MS, Chalmers B, Hodnett ED, et al. Promotion of breastfeeding intervention trial (probit): a randomized trial in the Republic of
Belarus. JAMA. 2001;285(4):413-420.

Brown KH, Lopez de Romana D, Arsenault JE, Peerson JM, Penny ME. Comparison of the effects of zinc delivered in a fortified
food or a liquid supplement on the growth, morbidity, and plasma zinc concentrations of young Peruvian children. Am J Clin Nutr.
2007;85(2):538-547.

Reerink J, Herngreen W, Meulmeester J, et al. Use of health care services by children in the first 2 years of life in the netherlands.
Nederlands Tijdschrift voor Geneeskunde. 1994;138(28):1427-1431.

Humphrey JH, Marinda E, Mutasa K, et al. Mother to child transmission of HIV among Zimbabwean women who seroconverted
postnatally: prospective cohort study. BMJ. 2010;341:c6580.

Group WHOMulticentreGrowthReferenceStudy. Length/height-for-age, weight-for-age, weight-for-length, weight-for-height and body
mass index-for-age: methods and development., Switzerland, World Health Organisation; 2006.

Laird N, Ware J. Random-effects models for longitudinal data. Biometrics. 1982;38:963-974.

van Buuren S. Curve matching: a data-driven technique to improve individual prediction of childhood growth. Ann Nutr Metab.
2014;65:225-231.

de Boor C. On calculation with B-splines. J Approx Theo. 1972;6:50-62.
Durban M, Harezlak J, Wand M, Carroll R. Simple fitting of subject-specific curves for longitudinal data. Stat Med. 2005;24:1153-1167.

Xiao L, Zipunnikov V, Ruppert D, Crainiceanu C. Fast covariance estimation for high-dimensional functional data. Stat Comput.
2016;26:409-421.

Dudoit S, van der Laan MJ. Asymptotics of cross-validated risk estimation in estimator selection and performance assessment. Stat
Methodol. 2005;2:131-154.

Vaart AW, Dudoit S, van der Laan MJ. Oracle inequalities for multi-fold cross validation. Statist Decisions. 2006;24:351-371.

How to cite this article: Anderson C, Hafen R, Sofrygin O, Ryan L, members of the HBGDki Commu-
nity. Comparing predictive abilities of longitudinal child growth models. Statistics in Medicine. 2018;1-16.
https://doi.org/10.1002/sim.7693



https://cordis.europa.eu/project/rcn/81320_en.html
https://cordis.europa.eu/project/rcn/81320_en.html
https://doi.org/10.1002/sim.7693

	Comparing predictive abilities of longitudinal child growth models
	Abstract
	INTRODUCTION
	DATA
	METHODS
	Laird and Ware linear model
	Laird and Ware quadratic model
	SITAR
	Brokenstick
	Multilevel spline model
	Functional principal components analysis
	Software

	COMPARING METHODS VIA CROSS-VALIDATION
	Illustrative example—cntt
	Cross-validation

	FURTHER EXTENSIONS
	DISCUSSION
	References


