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ABSTRACT
The size of an infant at birth is a major factor in determining its survival,
physical and mental growth. Maternal factors also go a long way in
predicting the eventual birth weight of an infant. This study investigated
the association between birth measurements and maternal factors in
predicting the birth size of infants in Osogbo, Osun State using canonical
correlation analysis (CCA). Five dependent variables were considered
from the infant (weight, head circumference, chest circumference, length
and mid-upper arm circumference) and five independent variables from
the mother (living standard index, preterm delivery, age at enrollment,
parity, early pregnancy and number of Antenatal care visits) as well as
sex of the infant. Data on mother and infants were collected from our
lady of Fatimah hospital, Jaleyemi, Osogbo, Osun State. The result
revealed that more than 75% of the infants were born large with 50% of
the infants were females. Mean maternal age was 30
years. More
than half of the women were nulliparous (51.5 %) and their mean parity
was 1.72
. Most of the women were educated but almost half of
them fall into the category with low living standard index (47%). The
first canonical correlation was 0.22, which signifies a low correlation
between the five birth size variables and maternal factors. Loadings of
the birth size measurements revealed that length of the baby (0.69)
contributed most to the first canonical function, followed by Head
Circumference (0.35), MUAC (0.24), Chest Circumference (0.10) and
weight (0.07). Our findings in this study suggest CCA to be a better
method for assessing the effects of the maternal factors on infant size at
birth than usual multivariate techniques like multiple linear regression.
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availability of medical care. Low
birth weight is a public health
problem all over the world and is
connected with a lot of health
challenges and even deaths
(Isiugo-Abanihe and Oke, 2011).

INTRODUCTION
Birth size is one of the important
predictors of a child’s mental
development, future physical
growth, and survival. It is in
fact, one of the major risk factors
for child morbidity and mortality
(Ballot et al., 2010; Lawn et al.,
2005; Onubogu et al., 2017). As
reported by the World Health
Organization (WHO), low birth
weight (LBW) is defined as an
infant birth weight of less than
2,500 g (WHO, 2011). Children
in this category are considered to
have a greater risk of neonatal,
post-neonatal
death,
and
morbidity (Dahlui et al., 2016).
An association has been
previously reported between
infants with LBW as well as
early and late morbid conditions.
(Richards
et
al.,
2001),
psychological disorders and
coronary heart disease (Eriksson
et al., 1999).

The study of the relationship
between birth size and some
maternal factors is on the
increase among maternal and
health researcher. (Kabir et al.,
2014). Research has shown that
socio-economic factor is a great
determinant of the nutritional
status of the mother and that
women that come from wealthy
homes usually have better access
to
healthy
foods
during
pregnancy and better antenatal
care (ANC) visits. However,
women from poor backgrounds
are more prone to having
children with low birth weight
due to lack of good nutrition
(Leal et al., 2006; Silva et al.,
2012).

The effect of low birth weight on
infant mortality is not only
additive but also interactive. The
magnitude of the contribution of
low birth weight to infant
mortality is higher in developing
countries given that the survival
of such infants is dependent on
environmental
sanitation,
effective post-natal nutrition and
rehabilitation,
and
the

Studies have shown that women
of advanced maternal age (ages
35 and above at the time of
delivery) tend to have larger
babies compared to younger
women. Low birth weight (less
than 2500 grams) and very low
birth weight (less than 1500
grams) deliveries are more
common among under-aged
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mothers (Fall et al., 2015).
However, women between the
ages 18 and 35 are more
probable to conceive healthy
children because they are in their
prime of child bearing years. The
occurrence of low birth weight is
higher among mothers under the
age of 18 or above the age of 35.
Women in these two age groups
are faced with the challenge of
not being able to sustain
pregnancy due to the size of their
uterus (Neggers et al., 1995).
Foetal growth is usually
evaluated using birth weight.
However, the use of other
measurements like the head and
length,
arm
and
chest
circumferences may be very
important in the prediction of
long-term
health
and
development results (Neggers et
al., 1995). Research on the
health effects of different
exposures,
observational
epidemiological studies often
involve data that include a set of
exposure and outcome variables.
Statistical
approaches
like
multiple
linear
regression
usually employed to measure the
level of association between
these sets of variables have the
challenge of multicollinearity
and multiple testing. Some
authors have analyzed birth size

and other maternal, social and
environmental
variables
(Neggers et al., 1995) using
multiple linear regression despite
its limitations. Since CCA is
very useful in assessing the
correlation
between
two
composite variables also known
as canonical variates, one
representing a set of exposure
variables and the other a set of
outcome variables (Sherry and
Henson,
2005;
Thompson,
1991), it may therefore be an
appropriate method to assess the
effect of maternal factors on
infant’s size at birth.
The aim of this study therefore,
is to investigate the association
between factors that affect birth
size and maternal factors using
Canonical Correlation Analysis
and Multiple Linear Regression
and to pinpoint the very
important variables in the
relationship and the significant
interactions
between
the
variables.
MATERIALS
AND
METHODS
The data for this study were
collected from 200 hundred
women that had successful
delivery at private hospital in
Osogbo, Osun State. Our team
visited the hospital and obtained
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information from the women
during post-natal visits and also
from the hospital records. The
consent of the women was
sought before being interviewed.
They were interviewed about
their household socioeconomic
conditions,
education,
demographic
characteristics,
previous pregnancy history. A
living standard index (LSI) was
constructed from the household
socio-economic variables and
was used as the main socioeconomic variable. The number
of antenatal visits and care
during labour and delivery and
condition of the infant were also
recorded.

Canonical correlation analysis
(CCA) was carried out on the
data collected from the study for
the dependent and independent
variables. Statistical analysis
was carried out using SAS 9.3
software and SPSS software
version 20.0. The results from
the CCA were used to explain
the relationship between the
different
maternal
factors
affecting birth size of an infant.
Canonical
Correlation
Analysis (CCA)
Canonical Correlation Analysis
When two variables X and Y
that are linearly related and there
is an increase in one of the
variables and it is accompanied
by an increase or a decrease in
the other variables, then the
variables are said to be
correlated. Canonical correlation
analysis is a method for
exploring
the
relationship
between two multivariate sets or
variates (vectors) all measured
on
the
same
individual.
Canonical correlation analysis is
also called “set correlation”
which determines a set of
canonical variables, orthogonal
linear combination of the
variable with each set that best
explains the variability within
and between the sets. Hence,
canonical correlation analysis

Data on the infants that included
Birth size measurements (length,
weight,
head
and
chest
circumferences, mid-upper arm
circumference
(MUAC)),
delivery status and sex were
collected. Infants that were born
preterm, that is, less than 37
weeks of gestation was another
characteristic that was included
in the analysis. The maternal
characteristics included in this
study were: Age at enrollment at
the hospital, parity, level of
education, LSI and number of
ANC visits.
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(CCA) finds two bases, one for
each variable that are optimal
with respect to correlations and
at the same time, it finds the two
bases in which the correlation
matrix between the variable is
diagonal and the correlations on
the diagonal are maximized and
the dimensionality of the set of
new bases is equal to or less than
the smallest dimensionality of
the two variables.

and

The

canonical
weights
and
are chosen
so that they maximize the
correlation
between
the
canonical variates CVX1 and
CVY1. A pair of canonical
variates is called a canonical
root. This step is repeated for
the residuals to
generate
additional duplets of canonical
variates until the cut-off value =
min (n,m) is reached; for
example, in this study, we
calculated
the
canonical
correlation
between
five
variables on birth size and six
variables on maternal sociodemographic factors that could
affect the infant size at birth. So,
we would extract five pairs of
canonical variates or five
canonical roots since five is the
minimum of the two set of
variables
(http://www.statisticssolutions.c
om/canonical-correlation/).

Canonical is the statistical term
for analyzing latent variables
(which are not directly
observed)
that
represent
multiple variables (which are
directly observed). CCA is the
analysis
of
multiple
independent (X) and multiple
independent
(Y)
correlation. The Canonical
Correlation
Coefficient
measures of the degree of
association
between
two
Canonical
Variates.
A
Canonical Variate (CV) is
defined as the weighted sum of
the
variables
in
the
analysis. CCA is the preferred
choice of analysis in analyzing
the degree of association
between two constructs.
For multiple X and Y the
canonical correlation analysis
constructs two variates

A very important advantage of
canonical
correlations
over
ordinary correlations is there are
invariance with respect to affine
transformations of the variables
(Borga, 2001). This is a vital
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difference between the two
analyses which depends greatly
on the basis of the description of
the variables.

the corresponding coordinates
are maximized.
Multiple Linear Regression
Multiple
linear
regression
(MLR), is used when the value
of a variable based on two or
more other variables is to be
estimated. The variable to be
predicted is called the dependent
variable (or sometimes, the
outcome, target or criterion
variable). The variables used to
predict the value of the
dependent variables are called
the independent or explanatory
variables.

CCA
was
developed
by
(Hotelling, 1936), he extends a
linear combinations that capture
correlations
between
two
multivariate variable or data sets,
although CCA which is being
used as a standard tool in
statistical analysis has been used
in different field such as
economics, medical studies,
meteorology and even in class. It
is surprisingly unknown in the
fields of learning and signal
processing.

Multiple Linear Regression
attempts
to
model
the
relationship between two or
more explanatory variables and a
response variable by fitting a
linear equation to observed data.
Every value of the independent
variable X is associated with a
dependent variable Y.

Furthermore, a considerable
proportion of work has been
done on non-linear extensions of
CCA, including neutral network
based variant, (Bach and Jordan,
2002). Most works in the
generative approach retain the
linear nature of CCA, but
provide inference methods more
robust than the classical linear
algebraic solution and more
importantly, the approach leads
to the basic principles of
hierarchical modeling. Hence,
CCA seeks a part of linear
transformation for each of the set
of variables such that when the
set of variables are transformed,

The model for multiple linear
regression, given n observations,
is
yi   0  1 X i1   2 X i 2  ...   p X ip  E j
The values fitted by the equation
b0  bi  ...... b p X ip
are
denoted by Ϋ and the residuals ei
are equal to Yi  Y
the
difference between the observed
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and fitted values. Hence the sum
of the residual is equal to zero.

other
hand
Canonical
Correlation is an additional
procedure for assessing the
relationship between variables.
Specifically, its analysis allows
one
to
investigate
the
relationship between two sets of
variables.
Hence
multiple
regression allows one to assess
the relationship between a
dependent variable and a set of
independent
variables
and
canonical correlation analysis is
useful
for
exploring
the
relationships between a set of
categorical variables (Matin et
al., 2008).

These
two
statistical
methodologies were applied on
data from mother and infants
that could affect the size of a
child at birth. It is widely
believed that birth weight is
strongly
associated
with
mortality and morbidity in
infancy and early childhood
(McCormick, 1985; Medicine,
2001). However, foetal growth is
largely a function of the
nutrients intake of the mother
before and during gestation as
well as the capacity of the
placenta to supply the needed
nutrients in adequate quantities
to the foetus (Thame et al.,
1997).

RESULTS AND DISCUSSION
Most of the infants involved in
this study were born big. Most of
them were born weighing more
than 2.5kg, MUAC greater than
10cm, HC greater than 33cm,
CC greater than 30cm. More
than 70% were moderate preterm
according to WHO definition
which says that infants born less
than 28 weeks are extremely
preterm; 28 to 32 weeks are very
preterm and those born 32 to 37
weeks were moderate to late
preterm.
More than 50% of the infants
were females. Mean maternal
age was 30
years. More
than half of the women were
nulliparous (51.5 %) and their

Relationship
between
canonical correlation analysis
(CCA) and multiple regression
analysis (MLR)
Canonical correlation analysis
and multiple linear regression
serve almost similar purposes,
since multiple linear regression
is an extension of simple linear
regression and it is used to
predict the value of a variable
based on the value of two or
more other variables i.e. the
dependent variable and the
independent variable. On the
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living standard index (47%). The
descriptive statistics for the
study is presented in table 1.

mean parity was 1.72
.
Most of the women were
educated but almost half of them
fall into the category with low

Table 1: Descriptive statistics for birth size and maternal factors from
Osogbo in 2014-2015, n = 200.
Variables
Mean (SD)
Birth size within 72 hours of birth
Weight (kg)
3.09 (0.40)
Length (cm)
48.81 (4.21)
MUAC (cm)
10.52 (1.85)
HC (cm)
33.76 (2.60)
CC (cm)
33.29 (2.11)

Median (IQR)
3.05 (2.9, 3.3)
49.00 (47, 52)
11.00 (10, 11)
34 (32, 35)
33 (32, 34)

Maternal Socio-Demographic Factors
Parity
1.72 (0.85)
1.00 (1, 2)
Age at enrollment (years)
29.55 (6.27)
29.00 (25, 33)
LSI
1.84 (0.87)
2.00 (1, 3)
No of ANC visit
10.02 (4.51)
10.00 (7, 12)
1
Preterm delivery
0.76 (0.43)
1.00 (1, 1)
Infant sex
0.69 (0.47)
1.00 (0, 1)
ANC: Antenatal Care; CC: Chest Circumference; HC: Head
Circumference; MUAC: Mid-Upper Arm Circumference; LSI: Living
Standard Index.
1

For any delivery that occurred before 37 weeks of gestation

The
Pearson’s
correlation
coefficient between maternal
factors and infant’s size at birth
were presented in table 2. All the
maternal factors except infant
sex were negatively correlated
with MUAC. Only preterm
delivery and length of the infant
showed significant association,
there
was
no
significant

correlation between the other
maternal factors and birth size
measurements.
The
canonical
correlation,
eigenvalue and the proportion of
the sum of the eigenvalues
represented
by
a
given
eigenvalue are presented in table
3. The Pearson correlations of
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the pairs of canonical variates
were
listed
as
canonical
correlations in table 3. The CCA
result was restricted to 5
functions because the dependent
set of variables had the
minimum number of variables
between the two sets. The first
pair of variates which is a linear
combination of the birth size
measurements and a linear
combination of the maternal
factors
has
a
correlation
coefficient of 0.22. This value
represents the highest possible
correlation between any linear
combination of the maternal
factors
and
any
linear
combination of the birth size
measurements. The second pair
has a correlation coefficient of
0.18, the third has 0.13, and the
last two had very low correlation
coefficients.

Loadings of the birth size
measurements revealed that
length of the baby (0.69)
contributed most to the first
canonical function, followed by
Head Circumference (0.35),
MUAC
(0.24),
Chest
Circumference (0.10) and weight
(0.07). This suggested that the
length of the infant, head
circumference and mid upper
arm circumference were strongly
negatively associated with the
number of antenatal care visits,
age of the mother at enrollment
and parity but positively
correlated with preterm delivery,
sex of the infant and living
standard index respectively.
The Canonical Redundancy
Analysis of the Standardized
Variance of the Infant Size
Measurements explained by their
Canonical Variables and the
Canonical Variables of the
Maternal Factors were reported
in table 5. These values showed
that neither of the first pair of
canonical variables was a good
overall predictor of the opposite
set of variables given that the
proportion of variance explained
were 0.1331 and 0.0063.

Canonical loadings and cross
loadings of the dependent and
independent variables for the
first canonical function are
presented in table 4. These
loadings suggested that the most
important predictor of birth size
was the number of antenatal care
visit (-0.73), followed by age of
the mother at enrollment (-0.58),
preterm delivery (0.38), Sex of
the infant (0.35), parity (-0.16)
and living standard index (0.06).

Results on Regression Analysis
of maternal factors on birth size
were presented in table 6. It was
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discovered that none of the
variables had significant effect
on the birth size indicator
variables. This result was
contrary to the findings of (Kabir
et al., 2014) where all factors

were significant predictors of
infant size at birth. This could
also be as a result of the
difference in the study design
and location.

Table 2: Pairwise Pearson’s correlation coefficient, r (p-value) between
the indicators of birth size and maternal socio-demographic factors
from Osogbo, Osun State between 2014 and 2015, n= 200.
Birth size
Weight Length
(cm)
(cm)
at 0.0213
-0.0187

Maternal
MUAC HC (cm) CC (cm)
Factors
(cm)
Age
-0.1129 -0.0470 -0.0108
enrollment
Parity
0.0513
0.0394
-0.0618 -0.0083 0.0398
LSI
0.0171
0.0285
-0.0686 0.0938 -0.0566
No. of ANC visit 0.0265
-0.1051 -0.0278 -0.0330 -0.0154
Preterm delivery 0.0223
0.1418* -0.0829 0.0022 0.0205
Infant
sex 0.0583
0.0436
0.0746 0.0203 0.0254
(F=1,M=0)
ANC: Antenatal Care; CC: Chest Circumference; HC: Head
Circumference; MUAC: Mid-Upper Arm Circumference; LSI: Living
Standard Index.
*p < 0.05
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Table 3: Canonical Correlation Analysis of birth size and maternal
socio-demographic factors from Osogbo, Osun State between 2014 and
2015, n= 200.
Canonical Canonical
Eigenvalue Proportion Cumulative
Variates
Correlation
Variate – 1 0.2176
0.0497
0.4466
0.4466
Variate – 2 0.1826
0.0345
0.3101
0.7567
Variate – 3 0.1338
0.0182
0.1639
0.9206
Variate – 4 0.0884
0.0079
0.0708
0.9914
Variate – 5 0.0309
0.0010
0.0086
1.0000
Table 4: Canonical loadings and cross loadings for the first canonical
function of the birth size measurements and maternal factors from
Osogbo, Osun State between 2014 and 2015, n=200
Variables
Loadings
Cross loadings
Independent variables
Age
-0.58
-0.13
Parity
-0.16
-0.04
LSI
0.06
0.01
No. of ANC visit
-0.73
-0.16
Preterm delivery
0.38
0.08
Infant sex (F=1,M=0)
0.35
0.07
Dependent variables
Weight (kg)
0.07
0.01
Length (cm)
0.69
0.15
MUAC (cm)
0.24
0.05
HC (cm)
0.35
0.08
CC (cm)
0.10
0.02
ANC: Antenatal Care; CC: Chest Circumference; HC: Head
Circumference; MUAC: Mid-Upper Arm Circumference; LSI: Living
Standard Index.
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Table 5: Canonical Redundancy Analysis of the Standardized Variance
of the Infant Size Measurements explained by their Canonical Variables
and the Canonical Variables of the Maternal Factors
Canonical Infant Size Canonical Canonical
Variable Variables
R-Square
Number
Proportion Cumulative
Proportion
1
0.1331
0.1331
0.0473
2
0.2258
0.3589
0.0333
3
0.1709
0.5298
0.0179
4
0.2663
0.7961
0.0078
5
0.2039
1.0000
0.0010

Maternal
Factors
Canonical Variables
Proportion Cumulative
Proportion
0.0063
0.0063
0.0075
0.0138
0.0031
0.0169
0.0021
0.0190
0.0002
0.0192

Table 6: Regression Analysis of maternal factors on birth size using
canonical correlation
Weight(Kg) Length
(cm)
Model
Predictors Model
β (P-value) β
(Pvalue)
Age
-0.0011
-0.0165
(0.837)
(0.772)
Parity
0.0313
0.2952
(0.422)
(0.470)
No
of 0.0025
-0.0879
ANC visit (0.701)
(0.201)
Preterm
0.0223
1.3551
(0.738)
(0.055)
LSI
0.0160
0.2947
(0.638)
(0.410)
Female
0.0594
0.5117
(0.349)
(0.441)

78

MUAC
(cm)
Model
β
(Pvalue)
-0.0304
(0.226)
-0.0144
(0.936)
-0.0049
(0.872)
-0.4241
(0.171)
-0.1078
(0.493)
0.2553
(0.383)

CC
(cm)
Model
β
(Pvalue)
-0.0109
(0.707)
0.1465
(0.481)
-0.0022
(0.949)
0.0737
(0.836)
-0.1189
(0.513)
0.0774
(0.819)

HC
(cm)
Model
β
(Pvalue)
-0.0262
(0.462)
0.0758
(0.766)
-0.0147
(0.732)
0.0328
(0.940)
0.3391
(0.130)
0.2659
(0.521)
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ANC: Antenatal Care; CC: Chest
Circumference;
HC:
Head
Circumference; MUAC: MidUpper Arm Circumference; LSI:
Living Standard Index.

Since CCA makes use of all
the information from the
variables in both the dependent
and explanatory variable sets,
it could offer a more effective
method for the assessment of
the effects of the maternal
factors affecting infant size at
birth rather than the usual
traditional methods.

A canonical correlation analysis
was carried out using five
maternal factors and the sex of
the infant as independent
variable on five birth size
measurements to evaluate the
multivariate shared relationship
between the two sets of
variables.

Since CCA begins with
simultaneous consideration of
the two sets of variables, the
inefficiencies that are known
with conventional multiple
testing as well as type-1 error
are reduced, thereby giving
more credibility to its results.
The use of latent variable
approach used in CCA also
helped
to
avoid
multicollinearity (Liu et al.,
2009).

The choice of using CCA was
made because of its competence
to concurrently model the effect
of
multiple
independent
variables on multiple dependent
variables instead of separate
linear regression modeling.
Originally
proposed
by
(Hotelling,
1935,
1936),
canonical correlation analysis
(CCA) which is a generalization
of Karl Pearson’s product
moment correlation coefficient
(Pearson, 1920).CCA is also a
very useful data reduction
technique that could precede
MANOVA, MMR, and SEM
(Dattalo, 2014).

Our study revealed that infant
size at birth in Osogbo did not
have any significant association
with the included maternal
factors in our model. It is
however suggested that further
work may be carried out over a
longer period of time and
increased sample size.
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Health Survey. Glob.
Health Action 9.

CONCLUSION
This study revealed that CCA
is a better method for
measuring the most significant
effect of the maternal factors
on infant size at birth than the
routine multivariate methods
used for such cases. Preterm
delivery showed a significant
but moderate association with
length of the infant.
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