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Abstract
Background: Human growth studies has long been of interest to researchers and health authorities.
Predominantly, the study of physical growth in children is a challenging and complex issue. The goal of a
variety of studies from across the world is to develop overall health and well-being in children. It is
therefore important that we need to identify an accurate and reliable approach for characterising growth
trajectories to distinguish between children who have healthy growth and those growth is poor. Many
statistical approaches are available to assess the longitudinal growth data and which are di�cult to
recognize the pattern. The purpose of this study is to identify the longitudinal child growth trajectory
pattern and factors association on the growth function using an advanced statistical technique.  

Methods: This longitudinal birth cohort study (n=290) was conducted in three nearby urban slums
communities in Vellore, South India. Pregnant women were identi�ed during a survey conducted in 2002
and infants were recruited from birth between the period of March 2002 and August 2003 following
written informed consent from the mother. Growth outcomes of height and weight measurements were
recorded for each child continuously in �rst 36 months. Functional Principal Component Analysis was
used to classify the longitudinal child growth trajectory pattern. Functional linear model was used to
assess the factors association with the growth functions. 

Results: We have obtained four functional principal components explained by 86.5%, 3.9%, 3.1% and
2.2% of the variation respectively for the height functions. 38% of the children’s had poor growth
trajectories in height. Similarly, we have obtained three functional principal components explained 76.2%,
8.8%, and 4.7% respectively for the weight functions. 44% of the children’s had poor growth in their weight
trajectories. The study shows that gender, socio-economic status, parent’s education, breast feeding, and
gravida are associated and, in�uence the growth pattern in children.  

Conclusions: The advanced FPC approach deals with subjects’ dynamics of growth and not with speci�c
values at given times. FPCA may be a better alternative approach in the sense of both dimension
reduction and pattern detection. FPCA may be used to offer greater insight for classi�cation.

Background
The study of human growth has long been of interest to researchers and health related authorities. In the
last decade, human growth has been widely studied due to its association with the socio economic status
[1]. Especially, the study of physical growth in children or infants is an interesting and challenging and
which depends on many factors such as genetic, malnutrition, physiological and socio-economic factors
[2–4]. Normal growth is the greatest indicator of children’s well-being and provides an accurate marker of
inequalities in human development. This is terribly re�ected in the millions of children worldwide who not
only fail to achieve their normal growth potential because of health conditions and inadequate care and
nutrition. Children with poor growth will permanently damage the physical and cognitive development
which is irreversible [5].
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Stunting often goes unrecognized in societies where short stature is so common that it is considered
normal. The di�culty in visually identifying stunted or poor growth children and the lack of routine
assessment of normal growth in primary health care services explain why it has taken so long to identify
the magnitude of this hidden scourge. Malnutrition among below �ve year children is a major serious
public health problem especially in India, although substantial heterogeneity exists between the states for
the various malnutrition indicators and their trends over time. Malnutrition is a major contributor to
disease burden, with more than half of global deaths in children younger than 5 years of age attributable
to under nutrition, the vast majority of which are in low-income and middle-income countries, including
India [6–8]. High amount of malnutrition experienced by children living in urban slum dwellers and similar
settings may harmfully impact their health development of physical characteristics such as height or
weight. The research interest of this study is to characterize individual growth trajectories, therefore, we
have considered the Functional Principal Component analysis (FPCA), a multivariate approach in
determining and classifying the growth trajectories from a longitudinal birth cohort study. Functional
linear model was applied to assess the association.

Methods
Birth cohort study

The design of the study has been reported earlier [9–11]. Longitudinal birth cohort study was conducted
in three neighbouring urban slums in Vellore measuring 2.2 sq.km with a population density of
approximately 17,000 per sq.km, South India. The data were collected from these three slums “Kaspa,
Ramnaickanpalayam and Chinnallapuram“where the environment is really poor such as open drains,
without water and toilets, without secure tenancy, overcrowded clustered houses with many rubbish
dumps. The common occupation in the study area is the manual production of tobacco based beedi
products for a daily wage. Pregnant women were identi�ed during a survey conducted in 2002 and their
infants were recruited from birth between March 2002 and August 2003 following written informed
consent from the mother. Children born between March 2002 and August 2003 were followed until their
third birthday. The last child was followed up in August 2006. This study has been approved by the
Institutional Review Board and ethics committee of Christian Medical College and Hospital.  In this study,
290 children were included (Fig.1). Growth outcome at birth was obtained from delivery records available
at the �rst home visit. For each child, the growth outcome at birth were obtained from one month of age
in a study-run clinic. Subsequently, height and weight were measured monthly until 36 months by �eld
workers at the study clinic using single measurements. Recumbent length was measured using a
standard infantometer and subsequently using a stadiometer, both to the nearest millimetre. Weight was
measured using a Salter weighing scale to the nearest 100 grams. Due to missing in follow up outcome
of height and weight, we have considered 36 months (3 years) data for the analysis.

Study Variables
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Baseline study characteristics of interest included were gender, height (cm), weight (kg), baby in ICU or
not, abortion (yes, no) , mode of delivery (suction, forceps , caesarean ,vaginal) , socio economic status
(low, middle, high), gravida (1,2,3, > 3), highest education of household (no formal education , Primary
school (1-5 years) , Middle school (6-8 years) , High school (9-10 years) , Higher secondary / College/
Polytechnic / Professional (> 10 years)), and duration of exclusive breast feeding (< 3 months , ≥ 3
months).

Statistical Methods

For demographic and other characteristics, data was presented as mean and standard deviation (SD) for
normally distributed variables, and as frequency (percentage) for categorical variables. There were few
values missing in the follow-up visits of the growth outcomes. Using the Last Observation Carry Forward
(LOCF) method of imputation, the data was considered as complete dense data. To handle and analyse
the large amount of constantly measured growth data, Functional Data Analysis (FDA) framework was
used [12–18].

Smoothing, outlying function and FPCA

To construct the child growth outcome trajectories into functions, we have applied B-spline system. To
construct the basis function, number of order, knots and range were chosen. Using these information
along with the number of basis then the B spline basis was generated. The longitudinal child growth
trajectories was converted into functions using the B-spline basis with smoothing parameter (λ) and
which is chosen by the generalized cross-validation (GCV) technique. A B splines-based smoother is used
because its simplicity and �exibility for data. [12, 14–18].  Outlier detection visualizing tools such as
Functional version of Box plot and outliergram were used to identify an abnormal function in both
outcomes [17–20]. There are two types of variability in the functions: (i) amplitude variation and (ii)
phase variation. The amplitude variation deals with the differences in height between the functions. The
phase variation deals with the differences in timing of important features between the functions. The
registration technique was carried out to improve the curve misalignment [16, 17, 21, 22].

The advanced statistical procedure of Functional Principal Component Analysis was used to extract the
information from functional data to identify the different pattern of the child growth function and further
functional linear model was used to assess the association between factors and trajectories [13, 15, 16,
18, 23–27]. The statistical analysis was performed using R studio version 3.6.1.

Results
Sociodemographic characteristics

The demographic characteristics of the study sample are detailed in the Table 1. In this study, male and
female was almost equally distributed as 49.3% and 50.7%. Baseline mean height (cm) and weight (kg)
of the children were 52.75 (SD: 3.28) and 3.65 (SD: 0.71) with 281 children (96.9%) had never been
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admitted in ICU. 7.2% of the household did not have their formal education and 62.4% were from low
socio-economic status. About 14% mothers had abortions more than once and 17.9% of mothers had
gravida more than 3. 91.7% mothers had normal delivery and exclusive breastfeeding given less than 3
month was 52.7%.

Table 1 Sociodemographic characteristics

Characteristics n = 290
  n(%)

Height (cm), mean (SD) 52.75(3.28)
Weight (kg), mean (SD) 3.65(0.71)
Gender  
  Male 143 (49.31)
  Female 147 (50.69)
Baby in ICU   
  Yes 9 (3.10)
  No 281 (96.90)
Abortion  
Yes#  40 (13.79)
No 250 (86.21)
Mode of delivery  
Suction or Forceps or Ceasarean 24 (8.28)
Vaginal 266 (91.72)
Socio Economic status  
Low 181 (62.41)
Moderate/High 109 (37.59)
Gravida  
1 76 (26.21)
2 93 (32.07)
3 69 (23.79)
More than 3*      52 (17.93)
Highest Education of Household  
Illiterate 21 (7.24)
Primary 71 (24.48)
Middle 83 (28.62)
High 79 (27.25)
Higher secondary/College/Polytechnic/Professional  

36 (12.41)
Duration of exclusive breast feeding  
< 3 months 153 (52.76)
≥ 3 months 137 (47.24)

* More than 3 means “>3 (4,5,6,7,8)” ; # Abortion(Yes) : 1,2,3

Considering the generated B spline basis, smoothing parameter and second order of penalization, the
functions were generated for growth outcomes. The Functional Box plot is given in Fig. 2. It was plotted
as x axis will be taken as age (months) and y axis will be taken as growth parameter values. Besides the
50% central region, the 25% and 75% central regions were provided as well. It is important to note that the
box, the whiskers, and the median can reveal useful information about a functional dataset by looking at
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their size, position, length, and even the shape of the box or the central tendency of median function. In
Fig. 3 and 4, there are two measures named Modi�ed Epigraph Index and Modi�ed Band Depth, using
these two in x and y axis the plots were generated as outliergram for height and weight functions. These
two measures provide an idea of how central a function is with respect to a set of functions. A Shape
outlier function was noted and con�rmed as abnormal function by these two methods and the abnormal
function is excluded from the weight functions. There was no magnitude outlier in the functional data.

Functional Principal Component Analysis

Child growth data contains two main time-varying traits; height, and weight. We have obtained patterns of
variation in the growth outcomes by using FPCA. We have obtained the �rst four FPC related to the height
functions and the plot is given in Fig. 5.  The �rst, second, third and fourth FPCs explained 86.5%, 3.9%,
3.1% and 2.2% of the variation respectively. 90.4% of the variability being explained by the �rst two FPC
and 95.7% of the variability was explained by the �rst 4 FPC. Except the �rst Eigen function, remaining all
are less important. FPC of height function explains that, component 1 accounts for higher deviation from
mean for �rst 12 months, component 2 and 3 are in contrast to component 1 because the deviation
occurs after 30 months. Component 4 accounts less deviation before 10 months and after 32 months.
These four subgroups correspond to different height patterns, which can be labelled as “poor growth”,
“general or normal growth”, “catch up” and “growth acceleration”.

We have obtained the �rst three FPC related to the weight functions and the plot is given in Fig. 6. The
�rst, second and third FPCs explained 76.2%, 8.8% and 4.7% of the variation respectively. First two FPCs
accounted totally 85% of the variability and 90% of the variability was explained by the �rst 3 FPCs.
Component 1 accounts for higher deviation from mean for �rst 12 months, component 2 is in contrast to
component 1 because the deviation occurs after 30 month and overall component 3 accounts less
deviation from the mean. These three subgroups correspond to different weight pattern, which can be
labelled as “poor growth”, “general or normal growth” and “growth acceleration“. The Eigen plots for
height and weight functions are given in Fig. 7. Majority 38% (111/290) of the children had poor growth
in height. Majority 44% (128/289) of the children had poor growth in their weight function.

Functional Responses and an Analysis of Variance

Further an interest was to study what are the factors affecting the growth functions. Functional linear
model was used to assess the association between growth function and factors such as gender, socio
economic status, duration of breast feeding, gravida, and highest education of house hold. The
regression coe�cient plot with con�dence interval are given in the additional �les Fig. 1-10. The study
results are given below for the height and weight functions: (i) Male children had growth increments on
height and weight function during the �rst 10 months and 6 months respectively. (ii) Low socio-economic
status had shown a poor growth after 6 months on height function and for weight after 3 months
compared to children belonging to middle and high socio-economic status. (iii) Children who did not have
exclusively breast feeding for more than 3 months are   observed to be in poor growth category on height
and weight function. (iv)  Children born to the parents who are illiterate and primary education had poor
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growth on height and weight function. (v) Children born to the women with higher order of gravida (≥ 3)
had poor growth on height and weight function.

Discussion
In public health and environmental research, repeated measures are occasionally obtained at rapid
frequencies over longer period of time. In this scenario, using the conventional technique to analyse large
amount of data will be di�cult. Functional methods provide an alternative �exible approach to common
parametric models for analysing panel data and are computationally e�cient and easy to implement.
This study outlines a modern statistical framework for handling the data, identify the functional patterns
inferred from sampled longitudinal child growth data and to study association.

The pattern from the FPCA gives a direct biological interpretation and offers a visual tool to assess the
main directions in the functional data. The FPCA approach  were  shown to be   providing a better
estimate compared to other conventional methods to handle longitudinal data in biomedical applications
[1, 2, 14, 27–29] and characterise trajectories in order to classify the pattern in child growth study [29] and
various �eld of studies [15–17, 22, 24, 25, 27, 30–32]. In the present study, total variation was explained
≥ 90% for height and weight respectively. In literature review, application of FPC analysis are reported
more than 80% of the total variation in multiple studies [25, 29, 31, 32].

In fact, we know that the growth outcome measurement obtained every month for 3 years exhibits 40% of
the children had poor growth in the slum area, Vellore.  Similar �nding of high proportion of children had
poor growth in their young age were observed in urban slum in India [11, 29, 33–37]. The research �nding
with the growth data is similar to the existing literature in identifying the subgroup pattern such as “large,
catch up, stunting, faltering and average” for the growth outcomes of height, weight, and head
circumference. However, existing literature has not reported the percentage of individuals belonging to
these subgroups of growth pattern [29].  One of the limitation in the application of this approach to
sparse data very challenging and requires numerical computation methods.

There are many factors associated with the poor growth of children’s such as inadequate breastfeeding,
parent’s socio economic status, family environment, and poverty. In this study, relating the more time
points with a functional model will provide a complete and accurate �gure as to how the study factors
individually affect growth functions. The factors such as gender, socio economic status, breast feeding ,
education, and gravida are important and shown to be associated with growth outcomes [38–42]. There
are many steps will be followed to make the information from the curves, but fewer options only available
for developing inferences concerning predictor–outcome relationships, in hypothesis-testing of medical
studies. The functional regression coe�cient will be gained through �gure from the modelling of
functional regression, especially in the functional outcome and covariates. This model is still needed to
develop more and we can consider this as a limitation. For functional inference, the coe�cient plots are
produced to each level of factors to understand the category nature over time in terms of function but the
theoretical foundations for this area have not yet been developed.
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Conclusion
Longitudinal studies plays a vital role to recognize the growth pattern of children. In this study, we have
used FPCA methodology for the child growth data and the growth FPC was obtained with biological
interpretation. FPCA provides a useful methodology for the purpose of analysing growth outcome trends
because it deals with subjects’ dynamics of growth and not with speci�c values at given times. Using this
technique, we identi�ed growth trajectories in order to discriminate the children who have normal growth
and who have poor growth. Based on the �rst 3 years of child growth trajectories, we have found that
majority of the children are comes under the greater risk of poor growth pattern among urban slum
dwellers in Vellore, India. Occurrence of poor growth in young children will continue in the rest of the
following months and will affect the child growth in later development stages. Our study using FPCA for
identifying the poor growth pattern is also supporting �ndings from previous studies [34, 43–45] that in
order to make the policy decision in the government level to prevent the poor growth in future. Functional
outcome linear regression model also useful to assess the factors association with long-term growth
functions. The proposed regression in the research work was used to address an extensive class of
problems due to high-dimensional longitudinal data.

Abbreviations
FDA : Functional Data Analysis ; FPC : Functional Principal Component ; FPCA : Functional Principal
Component Analysis ; GCV : generalized cross-validation ; ICU : Intensive Care Unit ; IRB : Institutional
Review Board ; LOCF: Last Observation Carry Forward ; SD : Standard Deviation.
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Figure 1
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Flow chart for subjects included in the analysis

Figure 2

Functional Box plot for height and weight functions

Figure 3

The outliergram plot for height functions
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Figure 4

The outliergram plot for weight functions

Figure 5

The �rst four important harmonics, each plot shows the mean function (solid black) +/- small amount of
harmonics – aligned height trajectories
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Figure 6

The �rst three important harmonics, each plot shows the mean function (solid black) +/- small amount of
harmonics – aligned weight trajectories

Figure 7

The Eigen plots for height and weight functions
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