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Summary. There is broad recognition that early life growth trajectories can contribute to the
study of the onset and development of several health outcomes. We review the random-effects
specifications of two models that have been purposely developed to describe anthropometric
data and a shape invariant random-effects model recently proposed in the statistical literature.
They are compared in terms of their ability to extract salient and biologically meaningful features
of growth in infancy and also to represent the data validly. We discuss advantages and limitations
in choosing and interpreting each of the models by using longitudinal weight data taken from 0
to 4 years from three contemporary birth cohorts.
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1. Introduction

Much interest in modelling growth data comes from research in life course epidemiology (Barker,
1998; Huxley et al., 2000; Kuh and Ben-Shlomo, 2004; Baird et al., 2005), where summary
growth parameters are used as explanatory variables for the onset of a later outcome. In such
settings analyses consist of two stages: the first focused on modelling the growth data, and the
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second aimed at relating parameters from the growth model, e.g. the age at peak weight velocity
(APWYV), to distal health outcomes, e.g. cardio-vascular disease later in life. This field of research
has been enriched by several new European (CHICOS, 2010) and worldwide (Richter et al.,
2011; Brown et al., 2007) birth cohorts established to study early life influences on the onset and
development of a wide range of later diseases. As a consequence, a large body of longitudinal
growth data, collected in different populations and periods and with different approaches and
levels of detail, is available. There is therefore an increasing need for understanding and applying
modelling strategies that properly exploit these data, also taking into account both the pattern
and the quality of the growth measurements.

The traditional approach of analysing anthropometric data consists of finding a parametric
curve which is suitable for the variable and the age range of interest, while fitting it separately
to each child. For example the Jenss—Bayley (JB) model was suggested (Jenss and Bayley, 1937)
to describe weight or height growth from birth to age 6 years. It is a fully parametric model
that includes a linear and a non-linear (exponential) part. Another model that is widely used
with early life height and weight is the four-, or five-, parameter Reed model (Berkey and Reed,
1987), where different parameterizations can be used to model postnatal growth deceleration.
Typically these and other anthropometric models are either specific to a particular growth mea-
surement or age range and therefore are not widely applicable, and, most importantly, their
parameters do not have an intrinsic biological interpretation. Moreover their fitting of separate
individual curves is inefficient. An alternative approach that partly overcomes the latter problem
consists of fitting whatever model is selected not separately to each child but simultaneously, by
using random-effects (i.e. mixed) models (Verbeke and Molenberghs, 2000). Within this frame-
work child-specific parameters are assumed to be drawn from some distribution. Applications
include a random-effects specification of the JB model used to study the height trajectories
of children with and without Turner syndrome (van Dommelen et al., 2005), and two speci-
fications of the Reed model used to analyse growth in weight during the first years of life in
an Ethiopian and a Finnish birth cohort (Asefa et al., 1996; Tzoulaki et al., 2010). General
specifications of random-effects models have also been used to analyse growth data (Verbeke
and Molenberghs, 2000). Linear and higher degree polynomial functions of time are specified
within this framework (dos Santos Silva et al., 2002; Yang et al., 2011), with random effects
generally included only for some of the parameters because of identification constraints (Gold-
stein, 2011). However, these models can produce only a limited range of possible shapes, which
are not usually sufficient to describe infant growth. Furthermore growth patterns may not all
cluster around a single population average polynomial curve, therefore leading to poor fit to
the data.

For this reason the implementation of spline-based models within the mixed effects framework
has raised considerable interest because of their flexibility in fitting different anthropometric
variables over different age ranges and the possibility of achieving a satisfactory balance between
goodness of fit and smoothness of the growth curve by choosing the number of knots (Ruppert
et al.,2003). Among these models, the shape invariant random-effects model that was proposed
by Beath (2007) is particularly relevant. It was originally used to model infant growth in weight
(Beath, 2007), but it has been used by Cole to analyse height growth during puberty (Cole
et al., 2010), and more recently by Hui ez al. (2010) and Johnson et al. (2011) to study factors
influencing infant growth. In this model a common spline function is modified by shifting the
two axes and scaling the x-axis to fit the individual data. The scaling and shifting identify how
each child departs from the common spline function and are captured by parameters which have
a direct biological interpretation (Beath, 2007; Cole et al., 2010), unlike any of the methods that
were mentioned above. The application of the shape invariant random-effects model, however,
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requires fairly advanced computing skills. Its interpretation also requires careful understanding
of the parameterization.

The aim of this paper is to compare the two models that were purposely developed for an-
thropometric data, the JB and Reed models, both specified within a random-effects framework,
with the shape invariant random-effects model in terms of their ability to extract salient and
biologically meaningful features of growth in infancy and also in their ability to represent the
data validly. Comparisons will be carried out by using longitudinal weight data from three recent
birth cohort studies. The information that is available from these cohorts differs in term of age
range and number and timing of follow-up observations (regular or irregular), and therefore
illustrates a variety of settings that are likely to be encountered in practice.

The programs that were used to analyse the data can be obtained from

http://www.blackwellpublishing.com/rss

2. Data

We have analysed data from three contemporary birth cohorts: the Southern European Web-
based ‘Nascita e infanzia gli effetti dell’ambiente’ (NINFEA) and ‘Geracao XXI’ birth cohort
studies, and the Chilean ‘Growth and obesity cohort study’ (GOCS).

2.1. Nascita e infanzia gli effetti dell’ ambiente

The NINFEA study is an Italian Web-based cohort study which started in 2005 and aimed to
recruit pregnant women via the Internet and to follow up their children. The study is still on
going and targets pregnant women, who have access to the Internet and sufficient knowledge
of the Italian language to understand the questionnaires. They are recruited via a wide range
of advertising campaigns (for more details see Richiardi et al. (2007)). Registration is carried
out at the study Web site (www.progettoninfea.it) where participants complete the first
questionnaire Q1. The cohort is then actively followed up via other on-line questionnaires
administered at around 6 (Q2), 18 (Q3) and 48 (Q4) months of age of the child.

Revisions of the questionnaires were undertaken after enrolment of the first 1500 partici-
pants; thus the available data vary with year of recruitment. In particular, women who enrolled
until November 2008 were asked to report the child’s weight at birth, 3 and 6 months at the
time of the second questionnaire, whereas at the third they were asked to report the weight
of the baby at 12 and 18 months. When the second and third questionnaires were updated, a
new question was introduced regarding the child’s weight at the actual time of completion of
these questionnaires. In contrast the fourth questionnaire was set up from the outset to include
questions on anthropometric measures both at 4 years of age and at the time of completion of
the questionnaire.

Because of these variations in questionnaire design the data that were used for these analyses
include all singleton children who, at the time of the data download (November 2011), were
eligible for completion of the fourth questionnaire. These are the children for whom growth
measurements are available at fixed time points only (0, 3, 6, 12, 18 and 48 months). This sample
includes 845 children.

2.2. Geracao XXl study

The Gercao XXI study is the first Portuguese birth cohort study, which was established in 2005
in the Porto region. All live children born of women resident in one of the six regional districts,
admitted to one of the five hospitals in Porto for delivery with a gestational age at birth that
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was greater than 24 weeks, were eligible to participate. The recruitment period lasted from the
end of April 2005 until August 2006. Women were enrolled during an appointment a few days
before their due date and, for the majority, baseline questionnaires were completed between
24 and 72 h after delivery. In total the baseline data consist of 8311 singleton children. Children
were actively followed up through interviewer-administered questionnaires planned at 3, 6, 12 or
15, and 24 months. Because of logistic and financial limitations it was not possible to interview
every participant at each follow-up visit. Therefore a restricted time period was allocated for
each follow-up occasion. At the 2-years follow-up visit growth data from the child’s health
records card, with measures obtained prospectively by health professionals, were gathered from
the parents for entry into the database.

The data that were used for this analysis consist of the information from the baseline and the
2-years follow-up, available for 783 singleton babies. These include anthropometric measures
reported in the child’s health record and referring to measures taken at about 1, 2, 4, 6, 9, 12,
15, 18 and 24 months of age, together with the actual dates of measurement. The values at 24
months were obtained directly by the interviewers. Up to six additional measurements and dates
reported in the health records were also entered into the database. There are therefore up to 16
weight measurements per child, taken from birth to (about) 24 months.

2.3. Growth and obesity Chilean cohort study

The GOCS is an on-going Chilean cohort aiming to study the association of early growth with
children’s maturation, adiposity and associated metabolic complications. The study was initiated
in 2006 when all children aged 2.6-4 years attending public nursery schools in six counties of
Santiago were invited to participate if they

(a) were singleton births with a gestational age at birth between 37 and 42 weeks,

(b) had a birth weight between 2500 and 4500 g and

(¢) had no physical or psychological conditions that could affect growth (six children were
excluded because of these conditions).

Among the 1498 children who were eligible to participate, 1195 accepted (80%). For almost all
subjects, weight and height measurements from birth up to 36 months of life were retrospectively
gathered from health records, and they were prospectively measured every year after recruitment
by a dietitian who visited the nursery school.

For these analyses we used growth data up to only around age 4 years for direct comparison
with the NINFEA cohort. This leads to including a maximum of 11 measurements per child.
After exclusion of subjects with missing growth data, the sample that was used in these analyses
consists of 1149 children.

3. Methods

In this paper we compare two classes of anthropometric random-effects models: the JB model
and the four-parameter Reed model, and the shape invariant random-effect model. Below we
define these models and the specific issues arising from fitting them to the data.

3.1. Jenss—Bayley model

3.1.1.  Original specification

The JB model (Jenss and Bayley, 1937), has been widely applied (see van Dommelen e? al. (2005),
Deming and Washburn (1963), Manwani and Agarwal (1973) and Berkey (1982)) to describe
childhood growth during the first 6 years of life in term of both height and weight. According to
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this model, the observed growth variable y; () of child i at age ¢, fori=1,...,nandr=1,..., T},
can be expressed as

yi() =c; +dt —exp(a; +b;t) + &i (D

where a;, b;, ¢; and d; are unknown parameters to be estimated separately for each child and
&ir 18 the error term at age ¢ specific to child i, that is assumed to be normally distributed
with mean 0 and variance O'iz. Equation (1) defines y;(#) as a negatively accelerated exponen-
tial curve in ¢, whose asymptote is a positive straight line. Hence the model accounts for the
rapid decelerating growth rate that is usually observed during infancy via the exponential com-
ponent exp(a; + b;t), whereas ¢; and d; represent the intercept and the slope of the asymp-
tote respectively. From equation (1) it follows that the predicted size at birth for child i is
Ci — exp(ai).

3.1.2.  Random-effects specification

Instead of modelling each child separately, we can add some distributional assumptions for
the child-specific parameters, and to their relationship with the residual errors ¢, to define an
overall model for all children. Using the same notation as in equation (1) we now specify the
child-specific parameters as

a;=ap +ayi,
bi=by + by;,
Ci =c0+Cli,
di=dy+d;

where ag represents the fixed effect and ay; the child-specific random effect, with similar defini-
tions for the components of b;, ¢; and d;. We also assume that ay;, by;, ¢1; and dy; are drawn from
a multivariate normal distribution with mean 0 and covariance matrix ® and that the errors
¢ir are independent normally distributed random variables with mean 0 and constant variance
o2, which are independent of the child-specific random effects. The curve that is implied by the
model when all random effects are set to 0 (the ‘population level curve’; Pinheiro and Bates
(2000)) is therefore cq + dot — exp(ag + bot). This model does not allow for an inflection point
(a maximum or minimum in the weight velocity curve), and therefore no APWYV, because its
second derivative with respect to ¢ is an exponential function in .

3.2. Reed model

3.2.1. Original specification

The Reed model was suggested by Berkey and Reed (1987), as an extension to an earlier model
that was suggested by Count (1943). It has two versions, with four or five parameters. For
comparison with the JB model we focus on the four-parameter version, which has been shown
not to be inferior in term of goodness of fit to the five-parameter model (Simondon et al., 1992).
The four-parameter specification of the Reed model is

!

d
yi(t)=a. +bit+ciIn(r) + 71 +é, )

where, again, y;(7) is the ith child’s growth variable at age 7, and a}, b/, ¢; and d are the child-
specific parameters and ¢/, is the child- and age-specific error term, which is assumed to be

normal with mean 0 and variance a{z. This specification, unlike that for the JB model, is linear
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in its parameters and can accommodate one inflection point. From equation (2) it follows that
ci and d/ are deceleration terms moderating the original increase that is captured by 5.

3.2.2.  Random=-effects specification
As for the JB model, we can specify the Reed model by using a random-effects approach. Again
we define the child-specific parameters as

a;=ay+ay;,
b =by+by;,
ci=cp+cly,
di=dy+d,;

with a;, representing the fixed effect and ), the child-specific random effects, and similarly for
the other parameters. The parameters a/;, b};, ¢}; and dj; are assumed to be drawn from a
multivariate normal distribution with mean 0 and covariance matrix ®’. As before the error
terms ¢/, are assumed to be independent normally distributed random variables with mean 0
and constant variance o, and to be independent of the random effects. This model can have an
inflection point and therefore the APWYV can be derived by differentiating the weight velocity
curve (the first derivative of the fitted curve) and setting it to 0.

3.3.  Shape invariant random-effects model

The shape invariant random-effects model was introduced by Beath (2007) to describe infant
weight growth and by Cole et al. (2010) to analyse pubertal growth in height. Cole used a slightly
modified parameterization, which is the parameterization that is adopted here, and named the
model ‘Super-imposition by translation and rotation’ (SITAR). It is a model where a common
spline function for all subjects is modified by shifting the two axes and scaling the x-axis to adapt
it to the individual trajectories. This model is not specific to an age range or to an anthropometric
dimension. The use of a spline function allows this model to deal naturally with non-linearity
and therefore to identify inflection points. In this application a natural cubic spline with a B-
spline basis matrix is used to fit the data by using a non-linear random-effects model, where
the coefficients of the spline function are treated as fixed effects whereas the parameters of the
shape invariant model are treated as random. Formally, let y;(f) be again the growth dimension
of the ith child at age #; then the SITAR model is specified as

yi(r)zawh{tﬁ’}mt 3)
exp(—7i)
where A (z) is the natural cubic spline curve of the growth variable regressed on z (the transformed
age) and «o; = a + «y; 1s a subject-specific coefficient with o representing the fixed effect and «y;
the random effect, with similar definitions for the other two parameters. The three random effects
«1i, B1; and q; are assumed to be drawn from a multivariate normal distribution with mean 0
and covariance matrix A. As before the error terms 7;; are assumed to be independent normally
distributed random variables with mean 0 and constant variance 72, and to be independent of
the random effects. Weight velocity curves can easily be derived by differentiating the spline
curve, and, from these, the APWYV can be derived.

The specific random effects 1;, 81; and q; for subject i correspond to the shift parameter for
the y-axis (measure), and the shift and the scale parameter for the x-axis (age) respectively. Cole
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et al. (2010) referred to these three parameters as size, tempo and velocity, where the effects of
the first two lead to a translation (in measure and age), whereas that of v to a rotation. Size is
expressed in the units of the y-variable and tempo in the units of the -variable, whereas velocity is
a multiplier and therefore is scale free. Therefore, from a biological perspective, when analysing
weight in infancy «; captures differences in size (which are greater for heavier children), 5y; the
timing of growth (which is negative for babies with an earlier APWYV) and ~y; the growth rate
(which is positive for children with steeper growth). When these subject-specific random effects
are set equal to 0, again the ‘population level curve’ is obtained.

3.4. Growth models for weight in early life

We fitted the random-effects specifications of the JB and Reed models and of the SITAR model
to the weight data from the three cohorts that were described above, initially separately by sex.
We used all the available data (for ages 0—4 years in the NINFEA study and GOCS, and for ages
0-2 years in the Geracdo XXI study) as well as the NINFEA and GOCS data restricted to ages
0-2 years for comparison with Geracdo XXI. In each set of analyses all subjects with at least
one observation were included under the assumption that missing visits occurred at random
(Rubin, 1976).

The JB and Reed models were both originally conceived for an untransformed growth mea-
sure. Despite this, natural logarithmic transformations of the observed weight measures were
considered when fitting all models and results compared with those obtained when weight was
not transformed.

A transformation of the timescale was needed for the Reed model because our data in-
clude measures at birth, i.e. at time 0. One option, which was suggested by Berkey and Reed
themselves, is to replace age since birth (in months) ¢, with t* where t* = (t+9)/9, so that
t* =0 at around conception and r* =1 at birth. With this transformation the size at birth
for child i that is predicted by the Reed model is a; + b} +d;. The same transformation was
also considered when fitting the SITAR model when investigating its best specification for the
data.

The SITAR model was fitted by using a natural cubic spline with B-spline basis matrix,
placing the internal knots of the spline 4(¢) at the quantiles of the age distribution, as in Cole
et al. (2010), according to the number of degrees of freedom specified. Degrees of freedom
were chosen according to the richness of available weight measurements over the age timescale.
Because of identification issues, alternative constraints on the values of the fixed effects 3y and
~o were considered. In particular we considered either fixing both 3y and g, or just Sy or just
~o to be equal to 0. To aid interpretation, models were also refitted with the males and females
combined.

Estimation of all models was carried out by maximum likelihood estimation implemented in
the nlme function in R (Lindstrom and Bates, 1990). The cubic spline function with B-spline
basis matrix was fitted by using the ns function also in R.

3.5. Comparison of alternative models

Specifications of the SITAR model with different weight and age scales first, and then with
alternative constraints on the fixed and random effects, were fitted on the data from all three
cohorts, and then compared in terms of the Akaike information criterion AIC and Bayesian
information criterion BIC. Plots of predicted population level curves, and of individual growth
and growth velocity curves, for a selection of children were also examined to assess their closeness
to the observed data. Specifications of the random-effect JB model obtained with or without
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log-transformation of the weight scale were compared by using the same criteria and likewise for
the random-effects Reed model. When the weight scale was transformed, the adjusted deviance
was calculated (Box and Cox, 1964), and corrected AIC and BIC derived.

For each data set the goodness of fit of the best specifications of each model was then com-
pared again using the same criteria. Moreover, child-specific APWVs were estimated, when
possible, and their averages compared with published data (Tzoulaki ez al., 2010; Johnson et al.,
2011).

For every model and every data set, the distribution of the estimated error terms was examined
graphically by using normal quantile plots.

Only a selection of the comparisons and of the plots described above are reported below.

4. Results

4.1. Data description

Table 1 summarizes the baseline characteristics of the children who were included in the analyses,
by cohort. It also includes descriptors of weight and weight change at selected ages. Geracao
XXI is the richest cohort in terms of weight measurements gathered, with a median of 10
observations per child within the first 2 years of life, compared with medians of 8 in the GOCS
and of 5 in the NINFEA study where growth measures were reported at exactly 0, 3, 6, 12, 18
and 48 months. Mean or median birth weight, as well as weight at 2 and 6 months, are slightly
higher in the GOCS compared with the other two cohorts possibly because of its exclusion
of preterm births (gestational age less than 37 weeks). This is also reflected by the average
weight change in the first months of life, which is again slightly higher in the GOCS (1.0 kg
month~!) than in the Geracdo XXI (0.9 kg month—!) and NINFEA studies (0.8 kg month—!,
in the first 3 months). The lower rates in the European cohorts are probably because preterm
children have not yet completed their catch-up period by 2 or 3 months, as opposed to the
term children of the GOCS. Indeed the rates in weight change are identical across the three
cohorts when evaluated from birth to 6 months. Mean weight and corresponding standard
deviation (SD) at 18 months are similar across the three cohorts, whereas GOCS children at
4 years are on average slightly heavier than those in the NINFEA study (we have no Geracao
XXI measures at 4 years). All these comparisons are, however, based on different subsets of
children at each time point because not all children in each cohort have measures at all times
considered.

Plots of weight trajectories for a random selection of children (dark lines for males and lighter
lines for females), superimposed over the scatter of data for their full cohort, are shown in Fig. 1
(where the cohort differences in terms of frequency and timing of the observations are also
evidenced). Each child selected from each cohort represents one of six strata, defined by gender
and birth weight category (low, middle or high, defined with cut-off points at 2.5 and 3.8 kg).
These plots clearly show how weight growth is faster during the first 3-6 months of life and
then starts to decelerate, especially after the first year of birth. As expected males are generally
slightly heavier than females in each birth weight category. Fig. 1 highlights specific growth
profiles:

(a) children with a low weight at birth who remain small (relatively to the other same sex
children);

(b) children with a low weight at birth who experience a high postnatal rate of growth
(e.g. the low birth weight male in the Geracao XXI study);

(c) those with a high birth weight who remain constantly heavier compared with the others
(e.g. the high birth weight male in the GOCS);
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Fig. 1. Observed weight growth curves of a stratified random selection of children by cohort, superimposed
on the observed data (by gender and birth weight category) ( — —, -==---, males;

, females; , low birth weight; — —, medium birth welght ------ , high birth weight; ®, c;bserved
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(d) those with an average weight at each observational time point (e.g the medium birth weight
male in the Geracao XXI study);

(e) finally children with a high birth weight who experience a greater deceleration after the
first months of life and thus return to an average weight (e.g. the high birth weight male
in the NINFEA study).

4.2. Growth modelling

4.2.1. Jenss—Bayley and Reed models

Log-transforming the weight scale did not generally improve the fit of the two anthropometric
models according to the fit criteria. Therefore only results obtained on the original scale are
reported in Table 2, separately by age, gender and cohort. The JB model failed when fitted on the
NINFEA 0-2-years data; this is probably due to the small number of measurement times that
were available (see Fig. 1), the restricted age range analysed (since the JB model was suggested
to describe growth between birth and 6 years) and the measurement error that may be affecting
the NINFEA recalled measurements more than those from the other cohorts.

The estimates of the JB fixed effects were quite stable across cohorts, age and gender, with
ap and ¢ slightly lower in females than in males. These estimated parameters were also slightly
lower in both GOCS males and females than in the other cohorts, as were the estimates of by.
The corresponding SDs of the random effects were similar across cohorts and gender, and lower
for the 0—4-years data compared with the 0-2-years data.

In agreement with the JB model, the Reed fixed effect estimates differed in the GOCS, with
all 4, 156, ¢y and c% considerably larger in absolute terms compared with the NINFEA and
Geracdao XXI results. The random effects SDs for this model were extremely large because of
their high correlations (see below). However, they were lower when estimated on the 0—4-years
data, as were the random-effects correlations.

4.2.2.  Super-imposition by translation and rotation models

As described in Section 3 we compared alternative specifications of the SITAR model, by al-
lowing different scales for the dependent variable, weight, and the age timescale, and different
numbers of knots for the spline function, and by including constraints on the values of the fixed
effects.

Models with log-transformed weight always performed better in terms of AIC and BIC than
those with untransformed weight; therefore results from only the former models are reported.
Instead models with log-transformed age performed better only in some settings and hence
both sets of results (models with age and log-transformed age) are reported. Four internal knots
were used when analysing the Geracdo XXI study and the GOCS and three when analysing
the NINFEA cohort, because of its fewer time occasions. Results were not affected when the
number of internal knots for Geracado XXI and the GOCS was increased to 5 or 6. Alternative
constraints on the fixed effects were examined to address identification issues. Among the various
combinations fixing either Gy and -y (model 1), or just Gy (model 2), to be equal to 0 led to the
best-fitting models.

The results are shown in Table 3. According to AIC and BIC, model 2 performed slightly
better than model 1 in most of the combinations; moreover the estimates of the APWYV were
more stable when obtained from model 2. As regards the choice of the age scale, the models
fitted best on the untransformed age scale in most cases.

The estimated SDs of the three random effects «y;, 51; and ~1; did not vary substantially
across genders, nor across cohorts and age ranges with the exception of the estimated SD of
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01;, that was generally lower in the GOCS than in the other cohorts, probably because of its
inclusion criteria (Table 3).

4.3. Models comparison

4.3.1.  Goodness of fit

Results from the specification of the SITAR model which best fitted each data set were compared
with those obtained from the JB and Reed models in term of AIC and BIC (Table 4). The two
information criteria were always in agreement and show that the Reed model fits the data best,
especially among females. The JB model gave the worse fit and failed when fitted on 0-2 years
NINFEA data.

Examinations of the normal quantile plots of the residual errors estimated for each model
showed that the assumption of normality appeared to be better satisfied by the SITAR model
than the two anthropometric models (the data are not shown). This was seen for each data set,
although even the SITAR estimated residuals showed some kurtosis (which was also reported
by Beath (2007)).

4.3.2.  Population level predicted curves

The population level predicted curves from the best specification of the three models fitted on
the Geracdo XXI data (0-2 years) are shown in Fig. 2, stratified by gender. In all the figures
curves predicted by the SITAR models fitted on the log-weight scale have been back trans-
formed so that weights are shown on the same scale for all the three models. As expected the

Table 4. Goodness of fit of the best specification of the three
models by cohort, gender and age range

Study Results for Results for Results for
JB Reed SITAR
model model model
AIC BIC AIC BIC AIC BIC
Males, 0-2 years
Geracao XXIT 5406 5499 5217 5310 5332 5407
GOCSi 6047 6139 5889 5981 6054 6134
NINFEA$§ — — 3869 3952 4044 4110
Males, 04 years
GOCS§ 8949 9045 8813 8908 9031 9114
NINFEA$§ 5484 5570 5143 5228 5304 5372
Females, 0-2 years
Geracdo XXIT 4929 5022 4592 4685 4716 4790
GOCS§ 5914 6007 5681 5774 5813 5893
NINFEAS§S — — 3253 3335 3322 3382
Females, 0—4 years
GOCS; 9124 9220 8846 8942 8957 9040
NINFEA§ 4569 4654 4486 4571 4536 4603

FSITAR: model 1, log(kg) and month scales.
SITAR: model 2, log(kg) and log(r) scales.

§SITAR: model 2, log(kg) and month scales.
§§SITAR: model 1, log(kg) and log(z) scales.



Early Life Weight Trajectories 385

o~
=
GJ
x
=
=
@
£
© -
73
?
'
= J’
B
i
[
T T T T T T
0 5 10 15 20 25 30
Age (month)

Fig. 2. Population predicted weight curves from the best specification of the three models fitted on the
Geracao XXl data by gender ( ,— — —,------,males; , , , females): , SITAR
model; — — —, JBmodel;. .- ... , Reed model

predicted curves for males lie above those for the females, regardless of the models that were
used, with the difference increasing from birth till about 1 year and becoming approximately
constant after that. The curve that was predicted by the JB model differs from those of the other
two models, especially during the first months. In contrast the curves that were predicted by the
Reed and the SITAR models overlap up to about 12—15 months before diverging slightly. These
differences do not necessarily reflect differences in goodness of fit, but rather in the shape of
their respective predicted curves when all random effects are set at 0. For this reason the curves
that were predicted by the three models for the randomly selected Geracao XXI females of
Fig. 1 are compared in Fig. 3. They show how the Reed and SITAR model most closely inter-
polate the original data in line with the results from the information criteria.

Further comparisons were made across the three cohorts. Fig. 4 shows the predicted popula-
tion curves and predicted weight velocities that were obtained by the Reed and SITAR models
on the 0-2-years males data of the three cohorts (with the SITAR model fitted by using model
2 specification on the log-weight and age scales; we do not show the results for the JB model
because it failed on the 0-2-years NINFEA data). Even if the four-parameter Reed model in
general allows for an inflection point, our transformation of the timescale, which we used to
include measures taken at birth, did not lead to an estimation of a maximum for the growth
velocities. According to both models, the typical trajectory of GOCS males (i.e. the trajectory
of a child with zero random effects) is predicted to be slightly heavier than those from the other
cohorts especially during the first year of life, possibly reflecting again the inclusion criteria
that were used in this study. This is also seen in the velocity curves that were obtained from the
SITAR model, with that for GOCS boys having their peak at a slightly earlier age compared
with the rest (see also the predicted APWYV that is reported in Table 3), and reaching a much
higher size at that peak. The predicted APWVs for the NINFEA study are larger compared
with those of the other cohorts but may be biased upwards because its growth data are collected
only at birth, 3 and 6 months. To validate this we refitted the SITAR model on Geracao XXI
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Fig. 3. Predicted weight growth curves of a stratified random selection of Geracdo XXI females, superim-

posed on the observed data (0): , SITAR model; — — —, JBmodel;.-- ... , Reed model

males after excluding all observations in the period 0.1-2.9 months to resemble the data in the
NINFEA study: the new predictions of APWYV were 2.17 months in males (instead of 1.65) and
2.13 months in females (instead of 1.90), becoming similar to those obtained in the NINFEA
study (1.98 in males and 2.04 in females; see Table 3).

4.3.3.  Random effects

Table 5 reports the SDs and correlations of the random effects from the three models when
fitted on GOCS males (SITAR model: model 2 on log-weight and age scales). The results
that were obtained from the other cohorts and for females are similar and are not reported
for simplicity. Table 5 shows that the correlations of the JB and Reed random effects are
extremely high (especially for the Reed model) whereas those of the SITAR model are sub-
stantially lower.

4.4. Model interpretation

4.4.1. Random effects

To aid the interpretation of the parameters of the three models, we refitted them on the com-
bined males and females data, separately by cohort, and then compared the gender-specific
distributions of their predicted random effects (best linear unbiased predictors) (Pinheiro and
Bates, 2000). In Table 6 we report only the descriptive results that were obtained on the 0-2-years
data separately by cohort. In each cohort the mean of the JB predicted random effects ¢y; and
ay;, corresponding to the intercept of the asymptote and the intercept for the exponential term
respectively, were higher in males than in females. However, b|; and dj; were not different. The
Reed model random effects that most differed in terms of gender were a/;, which was on average
higher among males, and ¢/; and d{;, the two deceleration terms, which were on average higher
among females.
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Table 5. SDs and correlations of the random effects estimated by the three models fitted on the GOCS
males by age range

Parameter Results for the JB model Results for the Reed model Results for the
SITAR model
SD Correlations SD Correlations

SD Correlations
0-2 years
a(@) (@ 036 a b c 11.18 4 4 d 0.16 « 8
b®H(B) 011 091 4.1 0.91 0.60 0.76
c()(y) 181 099 0.90 16.57 —0.96 —0.98 0.30 —0.77 —0.70
dd) 0.07 —-0.73 —-0.74 —0.66 1492 —-0.99 -0.95 0.99 — — —
0—4 years
a(@) (@) 0.26 a b c 6.65 d b d 0.15 a 3
b@®)(B) 007 0.82 1.52  0.85 0.64 0.74
c(d)(y) 135 098 0.70 7.54 —0.95 —-0.95 026 —-0.73 —0.66
d(d) 0.05 —-0.49 -0.52 —0.40 7.86 —0.99 —-0.90 0.98 — — —

Table 6. Mean of the predicted random effects by gender, model and cohort (0-2 years data)

Study Model  Means for a, a’ or o  Means for b, b’ or 3 Means for c, ¢’ or v Means for d or d’'

Males Females Males Females Males  Females Males  Females

Geracdo XXI JB 0.05 —0.05 0.00 0.00 0.30 —0.27 0.00 0.00
Reed 0.95 -1.19 —0.05 —0.03 —0.25 0.57 —0.85 1.16
SITAR  0.00 0.00 —0.05 0.06 0.06 —0.07 — —
GOCS JB 0.05 —0.05 0.00 0.00 0.24 —0.23 0.00 0.00
Reed 1.17 —1.15 0.08 —0.07 —0.66 0.65 —1.20 1.19
SITAR  0.01 —0.02 —0.04 —0.04 0.04 —0.02 — —
NINFEA JB — — — — — — — —
Reed 1.24 —1.38 0.23 —0.25 —0.98 1.06 —1.39 1.53
SITAR  0.02 —0.03 —0.04 0.02 0.04 —0.04 — —

Results from the SITAR model varied across cohorts: whereas on average the predicted
growth velocities ;; were higher among males in each cohort, size «; was higher in males in
the NINFEA and the GOCS but not in the Geracao XXI study, and tempo (3;; was higher
in females only in the Geracido XXI study (and to a lesser extent in the NINFEA study), in
agreement with the corresponding differences in predicted APWYV (see Table 2).

4.4.2.  Super-imposition translation and rotation model parameters

Both Beath (2007) and Cole et al. (2010) stressed that a biological interpretation could be
attached to the coefficients that are derived from the SITAR model. To clarify this we examined
the model-predicted trajectories and random effects for a selection of children and compared
them with their respective population-predicted curve. Here we report the findings for a GOCS
male who had a very high birth weight (4.55 kg) and who was still considerably overweight at
24 months. His predicted random coefficients are & ; =0.44 (the maximum of the distribution
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Fig. 5. Predicted individual growth curve of a selected GOCS male and new curves created after progres-
sively removing the three random effects from the SITAR model (fitted on the GOCS males aged 0-2 years on
the log-weight and age scale (¢; = 0.44; 5, =0.88 months; §; = —0.51): , population predicted curve;
— — —, individual predicted curve; , removing effect of &;; , removing effect &; + (;; ,
removing effect of &; + 5, +7;

of ay;), Blj =0.88 (approximate 95th percentile of the distribution of 3;;) and J1;=-0.51
(approximate fifth percentile of the §;-distribution). Whereas we expected the values of the first
two predicted random effects to be high, the negative value for §,; was somewhat surprising,
owing to the large size of this child, observed at all ages. However, Fig. 5 clarifies how this
happens as it shows that the child-specific predicted curve (the dark dotted curve) is first shifted
downwards when his departure from the population average size, due to his larger weight, & ;, is
removed (the thin full curve) and then shifted to the left when his departure from the population
tempo, due to his late APWYV (which was estimated to be at around 3 months), B 1j» s removed
(the medium thick full curve). Because of these realignments the curve is less steep than the
predicted population curve, explaining the negative value of §; ;. When the contribution of J; ;
is also removed the individual predicted curve and the population predicted curve, as expected,
overlap (the thick full curve).

This example illustrates how to attribute biological meanings to random effects predicted
from a SITAR model. They also highlight their close interrelationships and the care needed
for their interpretation: the value of each parameter is strongly influenced by the values of the
other two. This was also evidenced by the correlations shown in Table 5. Estimated correlations
between «; and [3;1 are positive, suggesting that children with lower weight are also those with
an earlier tempo of growth (and earlier APWYV). Estimated correlations between «;; and ~;
and between ;1 and ;) are instead of similar strength but negative, suggesting that smaller
children, or children with an earlier, i.e. negative, tempo experience greater growth velocities.

These observations lead to the conclusion that examination of the SITAR random-effects
parameters, even if biologically interpretable, requires a consideration of their conditional dis-
tributions. In this light we examined the marginal associations between the gender of the child
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Table 7. Marginal and mutually adjusted effects of gender on estimated size, tempo and velocity, by cohort
(fitted on the 0-2 years data)f

Dependent variable Effect of gender (male versus female)

Geracdo XX1 GOCS NINFEA

Marginal Adjusted]. Marginal Adjusted} Marginal Adjusted}.
coefficient coefficient coefficient coefficient coefficient coefficient

Size (41;) —0.001 0.049 0.030 0.039 0.045 0.068
) (0.012) (0.008) (0.008) (0.005) (0.008) (0.006)

Tempo (31;) —0.112 ~0.095 ~0.0001 ~0.003 ~0.056 ~0.129
(0.048) (0.041) (0.034) (0.019) (0.042) (0.038)

Velocity (41;) 0.132 0.129 0.063 0.078 0.074 0.116
(0.021) (0.015) (0.015) (0.009) (0.016) (0.009)

tStandard errors are given in parentheses.
tAdjusted for the other SITAR random effects.

and each of size, tempo and velocity and also the same associations but conditional on the
other random effects (Table 7). In the Geracdo XXI and NINFEA studies the conditional
effects differ from the marginal effects, with males having larger size when differences in the
other two dimensions are accounted for. The latter means that, comparing the growth curve
of a female with that of a male with similar velocity and tempo, the males curve will lie above
the females curve or, in other words, that the mean of the size coefficient, stratified by—for
example—quartiles of the velocity and tempo distributions is expected to be greater in males
than in females. In the NINFEA study the conditional effects of gender on tempo and velocity
are also stronger than the corresponding marginal effects. In contrast in the GOCS there is
no evidence of a difference in tempo by gender, with the differences in size and velocity only
marginally increased by adjustment. Given that GOCS children are selected to be more similar
in terms of gestational age and birth weight than those from the other cohorts, this indicates that
the degree of variation in gestational age and birth weight both contribute to the random-effects
correlations.

4.4.3.  Influence of gestational age
Several results, as observed above, identified differences between estimates that were obtained
when analysing children in the GOCS cohort as opposed to the other cohorts. The most likely
explanation is that participation in the GOCS was restricted to the term babies. Indeed it is
well known that gestational age has a very strong influence not just on size at birth but also on
the growth trajectory after birth (Sullivan et al., 2008). To examine whether such heterogeneity
had an influence on the estimated parameters and therefore on the individual growth curves
predicted by the SITAR model, we compared the original results that were obtained when
analysing the Geracao XXI data with results obtained when either

(a) preterm babies were excluded or

(b) the age scale was redefined as time since conception (i.e. age plus gestational age, both

measured in weeks).

Excluding preterm babies (61 children) did not lead to any changes in the predicted population
curves, whereas some changes were found in the estimated measures of variation: the SD of 3y;
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and its correlation with the other two random effects were smaller, becoming more similar to the
values that were found in the GOCS. In contrast the average APWVs were virtually unchanged:
1.66 months in males and 1.95 months in females (instead of 1.65 and 1.90 months respectively).
When we re-examined the conditional associations between the gender of the child and each
of size, tempo and velocity, we observed that the effect on 3 decreased from —0.095 (standard
error SE=0.041) to —0.066 (SE =0.033), whereas the effects on the other two parameters were
substantially unchanged.

When analyses were rerun on the new age scale of time since conception (in weeks), part of
the information held in the tempo-parameter 31; appeared to have been removed by the new
timescale. Fig. 6 illustrates this. Fig. 6(a) shows the predicted growth curve for a male from
the Geracao XXI cohort whose gestational age was 32 weeks and whose weight at birth was
1.86 kg. In Fig. 6(b) the growth curve of the same child is shown when predicted by the model
fitted on time since conception. The respective predicted population curves are also shown.

The estimated child-specific parameters from the two models are éf 1i=-—0.07, B 1;=1.77 and
41; =0.02, when fitted on the original age scale, and &1; =—0.04, 81; =1.29 (in weeks, which
corresponds to about 0.3 months) and §,; = —0.05, for the time-since-conception scale (centred

at about 39 weeks). Hence tempo is reduced to about a sixth when gestational age is accounted
for. Indeed when the effect of 3; is removed from the predicted individual curve in Fig. 6(a), the
shape of the derived curve (the dotted curve) resembles the predicted individual curve in Fig.
6(b) (the broken curve). Removing only the effect of &|; from the latter curve (on the weeks-
from-conception scale) was indeed sufficient to reach a near superimposition with the predicted
population curve (the full curve in Fig. 6(b)).

5. Discussion

In this exploration of models for infant weight data we have used three recently established
birth cohorts to compare three models where individual variations in growth are accounted
for by specific random-effects parameters. Our main finding is that the choice of which model
to adopt varies with the aim of the study and, less crucially, on the richness of the available
data. If interest focuses on describing individual early weight growth trajectories and/or typical
profiles then all the three models that were considered in this paper are suitable. Among them
the four-parameter Reed model performed best in terms of standard fit criteria and, unlike the
other two models, is linear in its parameters and is therefore easier to estimate. However, if
the focus is on extracting salient features of the growth trajectories to include them in further
analyses where growth is either the exposure or the outcome, then the SITAR model may be the
preferred option because of the biological interpretability of its parameters. However, several
other factors should be considered before a choice is made.

5.1. Range and frequency of observations over time

We have shown that including measures taken at birth requires the transformation of the
timescale when fitting the Reed model because it contains a logarithmic and an inverse function
of age. We have adopted one particular transformation that gives a value of 1 to time of birth
(and a value of 0 to 9 months before birth, i.e. roughly at ‘conception’). An alternative trans-
formation had been suggested in the literature that adds a value of 1 to time only to the terms
that involve the logarithmic and the inverse function of time. This hybrid solution was, in our
view, unsatisfactory and indeed performed slightly worse in terms of goodness of fit than the
solution that we have adopted. A drawback of the latter solution, however, is that, when applied
to our data, the model’s derivative (i.e. the weight velocity curve) did not present a maximum
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and therefore did not allow the identification of an APWYV, if such a peak was actually present.
This was not an issue with the SITAR model even when a transformation was required to meet
the distributional assumptions, because the peak in the weight velocity curve was still identifi-
able. Hence, if the APWYV is of interest, and if data include measurements at birth, the SITAR
model, fitted on the appropriate growth scale and timescale to meet the assumptions, should be
preferred.

Range, frequency and regularity of the observations over time are other important aspects
to consider. Spline functions such as that used by the SITAR model are necessarily influenced
by data points that are isolated and this was so with the analyses of the NINFEA 0-4-years
data.

5.2. Interpretation of the child-specific parameters

By comparing the distribution of random effects that was predicted for males and females by
the three models, when fitted on the combined data, we aimed to examine the discriminatory
values of these parameters. Those predicted from the JB and Reed models that correspond to
their intercepts (¢1; and d@);), or correction to the intercept (dy;), did show differences between
the genders. However, on their own these parameters are unlikely to discriminate the growth
trajectories of subgroups defined by weaker predictors of growth than gender (for more dis-
cussion of this see the on-line appendix). In contrast each of the three SITAR random effects
appeared to have distinct means and distributions between the genders, especially when their
intercorrelations were taken into account (note that accounting for correlations between the
parametric models’ random effects was not possible because of extreme collinearity).

The interpretability of the SITAR model, however, requires additional care. In particular
the interpretation of the tempo-parameter, which represents the shift on the time axis that is
necessary to synchronize the curves which are centred on the tempo-milestone (the APWYV in
this setting), depends on the timescale that is used and the setting analysed. When changed by
setting the time origin at conception, we found that gender differences with respect to tempo
were slightly reduced. Thus this parameter represents an adjustment that is necessary to proxy
true biological age better (hence measuring growth adjusted for maturation or developmental
status). This is in line with results that were obtained for the cohort including only term babies
with birth weight between 2500 and 4500 g (the GOCS), for which we observed that estimates
of tempo did not vary across genders when using chronological age as the timescale, and it is
also in line with the fact that the gender effect on tempo decreased when estimated by using only
term babies in the Geracao XXI study compared with using the whole cohort. In other settings,
with different growth variables and especially with different age ranges, the tempo-parameter
represents adjustments of the timescale by other factors, such as hormonal levels in puberty;
Cole et al. (2010).

A final note of caution with regard to the interpretability of the SITAR parameters derives
from its extreme flexibility. Unlike the JB and Reed models, the SITAR model is not restricted
to an age range; however, the wider the range of ages included in a SITAR model, the less
clear will be the interpretation of its parameters. This would affect the tempo- and velocity-
parameters in particular because individual trajectories over longer age ranges may include
several inflection points, leading to multiple changes in velocity and therefore to the parameters
representing a complex average of several, and possibly very different, departures from the
population timescale. This would happen for example if a SITAR model were used to model the
body mass index BMI (weight/height?) from age 0 to 10 years, say. During this time children
would experience both a peak velocity at around 1 year and a minimum (negative) velocity
at about 5 years; Rolland-Cachera et al. (1987). Moreover, a single parameter tempo would
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represent an average of the child’s departure from possibly two separate biological timescales:
that linked to the infancy BMI-peak and that linked to the childhood BMI-rebound.

5.3. Issues related to life course epidemiology

Much interest in modelling growth data comes from research in life course epidemiology (Kuh
and Ben-Shlomo, 2004), where summary growth parameters such as those described in this
paper are used as explanatory variables for the onset of a later outcome. Thus analyses consist
of two components, carried out in stages: a first stage focused on modelling the growth data, and
a second stage aimed at relating parameters from the growth model to the distal health outcome.
For such analyses to succeed it is crucial that salient features of growth are estimated for all
children in the study and that the statistical uncertainties of the parameters extracted in the first
stage are properly accounted for; Molinari and Gasser (2004). The former may not be possible if
parameters used to summarize the growth data are not available for all children (for example see
Silverwood et al. (2009)), with the second-stage analyses consequently being affected by selection
bias. Adopting the SITAR modelling approach, and using the three random parameters of size,
tempo and velocity as explanatory variables, would not suffer from this. Moreover, using all
three SITAR parameters instead of a single growth indicator, such as the APWYV, would lead
to a more comprehensive summary of the individual growth patterns.

The additional statistical uncertainties arising from using estimated growth parameters in the
second stage of the analyses are rarely addressed in applications. However, they can be dealt
with, at least approximately, by correcting the standard errors of the second-stage estimates by
using the bootstrap (Efron and Tibshirani, 1993), or weighting the second stage according to the
amount of child-specific information available in the first stage (e.g. the number of observations;
see Tzoulaki ez al. (2010)). The former approach would be quite cumbersome given the complex-
ities of estimating these models. A one-step estimation of the two model components, growth
and distal outcome modelling, would not require such inferential adjustments. This is where
specifying the growth model by using random-effects polynomial curves would be advantageous
as they could be estimated jointly with the distal outcome model by using structural equation
models; De Stavola et al. (2006). This approach, however, would suffer from a lack of biological
interpretability of the random-effects parameters. Moreover it is not easily implemented when
fitting more complex growth models, at least by using standard software.

Another aspect of growth modelling that is relevant to life course epidemiology is that focused
on identifying factors that influence childhood growth. Again such analyses could be carried
out in two stages, where some growth parameters are first estimated and then modelled in terms
of exposures of interest (as we did in Section 4.4). Alternatively models could be specified so that
estimation is carried out in a single step. This is easily achieved within the framework of random-
effects polynomial models (for example see dos Santos Silva et al. (2002)). Of the models that
were reviewed here, however, only the SITAR model has been generalized to include explanatory
factors (Beath, 2007; Hui et al., 2010; Johnson et al., 2011), although such specification allows
only the inclusion of explanatory variables for size and for the shifted and rescaled timescale
(which was denoted by Beath (2007) as the ‘growth rate’). Thus the interpretation of estimated
effects of explanatory variables for the SITAR growth parameters needs particular care. More-
over, given the non-linearity of the SITAR model, the explanatory variable parameters should
not be used to infer population-average effects; Fitzmaurice et al. (2009).

Finally in this field, there is much interest in comparing and summarizing evidence from
different studies. However, not one but several study-specific parameters for each growth
dimension would need to be compared, i.e. size, tempo and velocity. Simultaneous analysis of
all parameters could be carried out by fitting multivariate metaregression models that account
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for the covariance structure of the parameters estimated within each study; van Houwelingen
et al. (2002).

5.4. Conclusions

In this paper we have examined alternative modelling approaches to the estimation of the
salient features of growth in weight in infancy and early childhood and discussed the difficulties,
advantages and disadvantages of choosing each model. Our conclusion is that a range of options
is available to researchers but that each necessitates careful understanding of assumptions and
parameterizations. Of the three models that were discussed, the SITAR model is certainly the
most flexible and the most useful for life course enquiries, as it allows the identification of
important features of the children’s growth trajectories. Its application, however, requires care-
ful selection and substantive understanding of the model parameterization. This is true for the
other models also but possibly to a lesser extent. However, the potential for extracting the most
salient features of the growth patterns will depend on the richness and quality of the data, and
this is where researchers should make the greatest investment.
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