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Abstract

Anemia prevalence, especially among children and adolescents, is a
serious public health burden in the BRICS countries. This article gives an
overview of the current anaemia status in children and adolescents in three
BRICS countries, as part of a study that utilizes an artificial intelligence
approach for analyzing anaemia prevalence in children and adolescents in
South Africa, India and Russia. It posits that the use of machine learning
in this area of health research is still novel. The weightage assessment of
the crosslink between anaemia risk indicators using a machine learning
approach will assist policy makers in identifying the areas of priority to
intervene in the BRICS participating countries. Health interventions utilizing
artificial intelligence and more specifically, machine learning techniques,
remains nascent in LMICs but could lead to improved health outcomes.
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Introduction

In mobilizing cooperation for nutrition and addressing
the various forms of malnutrition, including
micronutrient deficiencies, the BRICS countries
have made some significant strides. The BRICS
nations, composed of Brazil, Russia, India, China
and South Africa, contributing to 42% of the global
population, are making efforts towards achieving
declines in undernourishment and reducing hunger.

South-South cooperation is instrumental in promoting
health and well-being via nutrition and addressing
malnutrition and the economic and social burden as
it impacts individuals, communities and populations
globally." Common amongst BRICS countries such
as Russia, India and South Africa is the issue of
anaemia in children and adolescents. Globally, and
according to the World Health Organization (WHO),
anaemia is a major and common public health
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concern affecting both the developed and developing
countries. The most vulnerable age groups affected
are young children aged less than five years old,
adolescents and women of childbearing age.
An estimated 42% of children under age five and
40% of pregnant women are anaemicglobally.?
The most recent national surveys in the three BRICS
countries indicate the following: in children under
the age of five years in South Africa, the anaemia
prevalence was 10.7% in 2012, as per the South
African National Health and Nutrition Examination
Survey (SANHANES-1). The 2016 South African
Demographic and Health Survey indicated anaemia
prevalence at 61% and a further 2% of children (aged
6-59 months) were severely anaemic.®* In India,
anaemia in children aged 6-59 months was recorded
at 58% in the National Family Health Survey
2015-2016.° Russia has no current survey data on
child, adolescent and/or adult anaemia prevalence
despite the country reporting challenges with iron
deficiency disorders.® From the afore-mentioned
BRICS countries, only India report anemia prevalence
among adolescent males and females, while South
Africa reports adolescent anaemia only in the
15-19 year age group and iron deficiency in females
only. This is highly concerning, as adolescence is a
unique age period whereby a child transitions to an
adult, with a possibility of health problems arising
in childhood being continued through adulthood,
affecting the quality of life.

Anaemia occurs when the number of red blood cells
or the haemoglobin concentration within the cells
are lower than normal. Haemoglobin is essential
for oxygen transportation and a lower than normal
level of this protein or abnormal red blood cells
results in a decreased capacity of the blood to carry
oxygen to the body tissues. A person with anaemia
may experience dizziness, weakness, fatigue,
and shortness of breath. Optimal haemoglobin
concentration in the body essential for physiological
needs to be met varies by sex, age, pregnancy
status, smoking habits and geographical location.
Common causes of anaemia include nutritional
deficiencies such as iron deficiency, as well as
deficiencies in vitamin B12, folate and Vitamin A;
infectious diseases that include malaria, tuberculosis
(TB), and Human Immunodeficiency Virus (HIV),
parasitic infections and haemoglobinopathies. Iron
deficiency anaemia (IDA) remains the major global
cause of anaemia, with sub-Saharan Africa and

Asia having a greater iron deficiency and infection
burden.?”

An essential micronutrient, iron, is necessary for
maintaining the cell structure and function in the
body, as well as being a component of proteins
such as haemoglobin, that is vital for transportation
of oxygen to the body tissues.® During childhood,
a common nutrition deficiency form such as iron
deficiency, is a result of a constant negative
iron balance that is affected by iron utilization or
absorption, inadequate dietary intake, an increased
requirement of iron during the growth periods, as well
as blood loss due to malaria and soil-transmitted
helminth infections. Hence, IDA is defined by both
anaemia and a deficiency of iron.® In children,
IDAimpairs both intellectual and growth development.
The brain is most vulnerable during the first two
years of life and the third pregnancy trimester. Iron
deficiency can result in neuropsychological effects
associated with cognitive impairment in childhood
and during adolescence.™

Experimental and epidemiological data have
suggested that while the impairments may occur early
in life, they may be reversible through public health
interventions that promote dietary diversification
with foods rich in micro-and macro-nutrients and
vitamins, as well as mass fortification of staple foods,
and micronutrient supplementation. In adolescents,
anaemia is a leading cause of morbidity, triggered by
various factors such as genetic conditions, nutritional
deficiencies and infections. During the adolescent
growth period, in addition to energy requirements,
there are also increased nutrient and protein needs,
including the need for iron, which supports the
growth process. As females enter the childbearing
years micronutrient deficiencies and insufficient
iron stores are a major cause of concern due to the
increased nutrient demands during pregnancy and
lactation. The adolescent stage of life is a unique
time period during which nutrition can be addressed.
Adolescent data for dietary intake in low- and middle-
income countries (LMICs) is minimal, and data on
iron supplementation during pregnancy exists but
there is a need for overall nutrition coverage in
adolescents.'? In women of reproductive age, risk of
anaemia increases during menstruation, and during
pregnancy, the risk of anaemia may increase due
to placental and foetal requirements and bleeding
during delivery. Children with an anaemic mother are
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vulnerable as maternal iron deficiency is associated
with increased infant mortality. The deficiency also
affects birth weight and gestation duration in women
with premature infants or those of low birth weight.”

This review paper gives an overview of the current
anaemia status in children and adolescents in three
BRICS countries, as part of a study that utilizes an
artificial intelligence approach for analyzing anaemia
prevalence in children and adolescents in South
Africa, India and Russia.

National and regional studies that reported on
child and adolescent anemia in the three countries
were reviewed to provide an overview of the trends
and prevalence of anemia in these countries. The
following search strings were used: “anaemia
+ children + Russia”, “anemia + adolescents +
Russia”, “anaemia + children + India”, “anemia +
adolescents + India”, “anaemia + children + South
Africa”, “anemia + adolescents + South Africa”. The
alternate spelling of anaemia, that is ‘anemia’ was
also used. Keywords such as ‘“Young people’ and
‘teenagers’ was also used in place of adolescents.
The national prevalence rates of anaemia reported
in this review were obtained from cross sectional
national surveys. These surveys employ stratified
cluster probability sampling techniques to ensure
that the selection of households and respondents
is nationally representative. These surveys also
typically apply analysis weights to the estimates
that adjust for non-response and sample selection
probabilities, to calculate nationally representative
estimatesof anaemia prevalence. Artificial
Intelligence is a huge field that comprises Machine
Learning (ML) and Deep Learning (DL). The use of
both Al and ML approach has increased recently in
many areas of research. Al and ML are often used
interchangeably because ML is a subset of Al. ML
relies on algorithms to analyze large datasets and it
is capable of performing predictive analytics faster
than any human can. Machine learning algorithms
are modern model-free data analytic methods
that provide efficient solutions to classification
problems in public health research. Traditional
statistical analysis had focused on methods like
logistic regression (LR) which is the most widely

used statistical method for handling classification
problems in medical statistics.' The focal point of

many of the anaemia risk analysis techniques is
the accurate prediction of the disease. Moreover,
machine learning, as a part of Al, is becoming
popular in the field of medical and health research
for predictive analytics purposes and pattern
recognition. Several machine learning techniques
have been applied to predict the prevalence of
various diseases including Anaemia.’®

Anaemia Prevalence in South Africa

Anaemia prevalence remains relatively high in
children in South Africa, as observed in the national
surveys. Some South African studies have found that
almost a third of children and women were anaemic.'®
7 South Africa, whilst undergoing a nutrition
transition, is also undergoing an epidemiological
transition, whereby together with prevalence of
TB and HIV, there is an alarming increase in non-
communicable diseases (NCDs) such as some forms
of cancers, cardiovascular disease (CVD), chronic
respiratory disease and diabetes.'® '° These further
contribute to the morbidity and mortality burden.
Since 2016, there has been no follow up national
survey to identify any further increases in anaemia
prevalence in children as well as the reporting of
new cases.This may be attributed to the current
nutrition transition in South Africa, characterized
by increased Westernized diets high in fats, sugar,
refined carbohydrates and animal products in place
of traditional diets high in fibre; irregular, nutritionally
unbalanced meals, aggressive fast food marketing,
sedentary lifestyles, and adverse economic, social
and environmental conditions.?* 2" This has led to
suboptimal diets replacing traditional diets, and is
further attributed to social inequality and poverty that
puts individuals at risk of micronutrient deficiencies."”
The most recent national surveys that assessed the
prevalence of anaemia in young children and adults
were conducted in 2012%and in 2016.*

The South African National Health and Nutrition
Examination Survey (SANHANES-1), in comparison
to the other South African national surveys,
provides a more comprehensive picture of anaemia
prevalence in children below five years of age. When
comparing it to other national surveys, Anaemia
prevalence in 1994 was 21.4%, rising to 28.9%
in 2005, with a decline in 2012 at 10.7%. IDA has
also shown a decrease from 5.0% in 1995, rising
sharply in 2005 to 11.3% and declining again in
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2012 to 1.9%. However, iron deficiency/depletion
did not follow this trend. Iron deficiency in 1995 was
recorded at 4.8%, increased further in 2005 to 7.8%,
with a further increase in 2012 to 8.1%.3

At both regional and global levels, while South Africa
does fare better regarding anaemia prevalence
in children in comparison to children in the rest of
Africa, there are differences when compared to
children in high-income regions.? In 2013, while
the global anaemia prevalence was 43.0%, 46%
of this was in southern Africa, with only 11.0% in
high-income regions.® In a further comparison of
SANHANES-1 to NHANES 1999-2000 conducted
in the USA,? anaemia prevalence was higher in
SANHANES-1 at 10.7% compared to NHANES at
5.1%. Findings of SANHANES-1 indicate that there
was a marked reduction in anaemia in children
below the age of five years and this may have
been attributed to the national food fortification
programme, better infant and child feeding practices,
better micronutrient supplementation programmes,
as well as an improvement in primary healthcare.?

The lattermost South African Demographic and
Health Survey (SA DHS) was conducted in 2016.#
While this was the first DHS to measure anaemia
prevalence in children and adults, it did not measure
iron status. The study found that anaemia among
children aged 6-59 months was 61% and 2% were
severely anaemic. The authors noted that these
rates were much higher than expected considering
the results of other national studies and advised for
the findings to be interpreted with caution.

Furthermore, anaemia prevalence, in an important
developing and decision-making group, adolescents,
is still not frequently reported /not given priority in
South Africa. In the SANHANES 2012, the highest
prevalence of anemia in females was found among
adolescent girls aged 15-18 years, where 32.5%
were anemic (Hb<=12 g/dL). Adolescent girls aged
15-18 also had the highest prevalence of iron
depletion (8.8%) and an IDA prevalence (20.2%) that
was more than twice that of 19-24 and 25-35 year old
women (7.8% and 8.8% respectively). Overweight
adolescent girls were three times more likely to be
anaemic.” The SA DHS of 2016 found that among
15-19 yearolds, 34% of females and 17.2% of males
were anaemic.*

Anaemia Prevalence in India

The comprehensive data set on the nutritional status
of Indian children aged 0-19 year oldis included in the
Comprehensive National Nutrition Survey (CNNS).
The CNNS surveys considered one of the largest
micronutrient survey ever conducted worldwide.
Additionally, for the first time in India, CNN employed
gold standard methods for assessment of anaemia
and other micronutrient deficiencies as well as
associated risk factors of non-communicable
diseases (NCDs). There was no sufficient data on
children aged 5-14 years,while this assumes special
significance as this age groupencompasses around
one-quarter of the whole population yet receive less
attention and are considered more vulnerable. More
importantly is that these children depend mostly on
the school feeding programs.

Anaemia is a major public health issueaffecting
most importantly women, girls, and children. Apart
from adversely affecting physical well-being and
increasing the rate of deaths, slowedmental and
motor activitiesdevelopment and high risk of maternal
mortality are significantly associated with anaemia.?
As reported globally, hemoglobin level measured by
iron deficiency is the important cause for anaemia
and other forms of nutritional insufficiencies.
The shortageof iron in the blood leads to low blood
cell levelsand negatively affectsthe development of
unborn babies. Another cause of iron deficiency is
poor nutrition andcontributes tomore than 60% of
all anaemiacases.?® These might be explained by
the fact that during adolescence, iron requirements
increase to support growth in both girls and boys.
Additionally, girls have slightly higher requirements
due to menstruation.?”

According to the Global Burden of Diseases
in 2016, Anaemia cases in India contributed
almost one quarter to the global burden.?¢
Moreover, the International Institute for Population
Sciences reported thatthemajority of women aged
12-51 years and children less than 5 years were
anaemic.?® Although anaemia prevalence is higher
among pregnant girls than non-pregnant girls in
most regions, the high prevalence of anaemia in
both girls and boys continues to indicate a need
for interventions to address anaemia in ways that
effectively reach all adolescents.?® Therefore,
the CNNS focused more on collecting data on
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undernutrition and associated factors among these
vulnerable groups.

The prevalence of anaemia in preschoolers aged
1-4 years is 41%, 24% in children between the
age of 5-9 years, and 28% in adolescents between
the ages of 10-19 years. However, the severity of
anaemia differsamong age groups. Preschoolers
had 22%,18%, and 1% of mild anaemia, moderate
anaemia, and severe anaemia, respectively.
School-age children had 10%,13%, and 1%of mild
anaemia, moderate anaemia, and severe anaemia,
respectively. Adolescents had 17%, 10%, and 1%
of mild anaemia,moderate anaemia and severe
anaemia, respectively. As compared to those
currently out of school, the prevalence of anaemia
was higher in children between the age of 5-9 years
(32% vs. 23%) and adolescents between the age of
10-19 years (36% vs. 26%).2*

When compared with the National Family Health
Survey,? in total, 58% of children had some form of
anaemia. The prevalence of mild anaemia, moderate
anaemia and severe anaemia in children were 28%,
29%, and 2%, respectively. The NFHS-4 shows a
substantial decline in anaemia between the age of
6-59 months in children, down started 69% in 2005-
2006 to 58% in 2015-2016.°5 Anaemia prevalence in
children between the ages of 6-59 months has been
persistently higher among rural children.® Similarly,
the NFHS 4 (2015-16) reveals that anaemia is
more prevalent among children than among older
children. Anaemia is higher in children of anaemic
mothers than in mothers without anaemia. With
the existing differentnutrition programs aiming at
women and children, India still not achieve the
nutrition target. Therefore, machine learning might
be a great investment in nutrition to clarify how key
malnutrition indicatorsuch as anaemia remained a
health problem and which other key factors remain
to be overlooked by the existing policy approaches
in place among Indian population.®

Anaemia Prevalence in Russia

Despite its public health importance, data on
anaemia and its associated risk factors in Russia
remains missing or outdated.®' Using keywords such
as “anaemia,” “children,” “adolescents,” “Russia,”
“Russian Federation” did not yield any up to date
information on the anaemia status in Russia. We
utilized the UNICEF Situation Analysis of Children

” o« ” o«

in the Russian Federation 2007 report to provide
some background on the anaemia status within
the country6. As per the report, during the 1990’s
anaemia prevalence was on the increase in pregnant
women, resulting in likely more low birth weight
babies and premature delivery occurrences. Women
with anaemia in 2002 accounted for 42.8% of all
pregnancies that resulted in childbirth and was an
increase by a 3.5 factor from 1990 and 11.6 factor
from 1980. Iron deficiency disorders (IDDs) are
a noted problem in Russia, despite universal salt
iodization. A national survey in 2005 indicated 29.0%
of Russian households consumed iodizedsalt.3?
Inadequate iodine supply to populations was
indicated by regional surveys, resulting in endemic
goitre.® Russian production process, manufacturing,
quality control, packaging and supply of iodized
salt has improved. Yet despite these efforts, public
awareness on iodized salt benefits have been
minimal or absent. The health of children in Russia
is also affected by the threat of IDA. Between
1992-2002, anaemia in children quadrupled from
452101821 per 100 000 children, and then decreased
in 2004 to 1 599 per 100 000 children. During their
first year of life children are more likely (50%) to
have a less than average height. Additionally, their
cognitive and physical development may be impaired
and their immune systems may be compromised.3?
This is of great concern as new data on anaemia
prevalence in children and adolescents may provide
a more comprehensive understanding of anaemia
status in BRICS countries, its associated risk factors
and the impact on health outcomes.

Artificial Intelligence Approach for Analyzing
Anaemia Prevalence

The use of Artificial Intelligence (Al) in medicine
entails the utilization and application of modern
computer algorithms and software that emulates
human cognition in the analysis and interpretation
of complicated medical data.?® In particular, Al is
the ability of computer algorithms to reason like
humans and approximate conclusions without direct
human involvement. Previous nutrition studies relied
largely on outcomes from the statistical analyses
conducted. While such studies assist in disease
diagnosis, they do not extend to processing of large-
scale data that may uncover different relationships
and patterns that may be influential.** Currently,
most literature regarding anaemia prevalence in
young children, adolescents and adults is based
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on traditional statistical analysis methods such as
ANOVA, regression, descriptive analysis, as well as
dimension reduction techniques.® If the introduction
of using artificial intelligence techniques can be
compared to the current technique features and/or
create new comparisons or features, this can raise
the attention of both researchers and policymakers
globally. Machine learning (ML), an area intersecting
statistical analysis and artificial intelligence research
(see Figure 1), allows for the exploration of big data
on nutrition to discover relationships or patterns that
are unknown in big data.®*

Methods such as support vector machine, random
forest, and decision trees have been employed to
classify the status of various diseases. However,
very few studies have considered the use of machine
learning techniques to construct prediction models
for childhood and adolescent anemia in BRICS
nations.” Recommended Al (Machine Learning)
methods for detecting and characterizing Anemia
prevalence in children and adolescents include
Discriminant Analysis (DA), K-Nearest Neighbors
(k-NN), Classification and regression trees (CART),
Support Vector Machines (SVM) and Random
Forest (RF).What makes machine learning efficient
and advantageous over other methods includes
the fact that it does not involve human intervention
since it means giving machines the ability to learn,
it lets them make predictions and also improve the
algorithms on their own. Also, machine learning
allows for continuous improvement in accuracy
and efficiency of the algorithms which also allows
for better decisions. Suppose we need to make an
anemia prevalence forecast model, as the amount
of data we have keeps growing, your algorithms
learn to make more accurate predictions faster.
Machine Learning algorithms are also good at
handling data that are multi-dimensional and multi-
variable. They are capable of identifying trends and
patterns easily. Machine learning algorithms can
be used to characterize large volumes of nutrition
data to discover specific trends and patterns that
would most often not be discovered by the ordinary
statistical model.*®

Discriminant analysis (DA) is a supervised machine
learning approach for pattern classification, which
aims to find a linear combination of features that
characterizes two or more classes of events using

the Bayes’ classifier.*” It assumes that the predictors
are drawn from multivariate Gaussian distribution.
It is a dimensionality reduction technique used
as a pre-processing step in Machine Learning.
The ability to accuratelyclassify medical observations
and outcomes is highly useful for various policy
applications in medicine.

K-Nearest Neighbors (k-NN) is a robust non-
parametric classifier which falls into the supervised
learning family of machine learning algorithms
that stores and classifies all available new data
based on a similarity measure. An object would be
classified by a majority vote of its neighbors, while
being assigned to the class which is most common
amongst its k nearest neighbors measured by a
distance function.'® Classification and regression
trees (CART) is a non-parametric machine learning
algorithm used for the purpose of classification of
a large set of data using the predictive structure of
the problem under consideration. It is a predictive
method which explains how a response variable's
values can be predicted based on other values
(predictors).

When the response variable is continuous, CART
produces regression trees, and whenever the
response variable is categorical, it produces
classification trees.3® The Support Vector Machines
(SVM) algorithm is a supervised machine learning
technique which is widely used in classification and
regression problems. Given a set of training data, the
SVM algorithm constructs a model that separates the
training data perfectly according to their categories.*
Apart from being able to perform linear classification
and regression, SVM can also perform a non-linear
classification by separating data input variables into
high-dimensional feature spaces (also known as
feature selection).

Random forest (RF) is a supervised machine learning
classification technique, which is based on “growing”
an ensemble of tree structured classifiers.*° It is one
of the most powerful supervised machine learning
algorithms which can also perform regression
tasks if the outcome is a continuous variable.
This algorithm creates a forest with a number
of decision trees. It basically consists of a
severalseparate decision trees that operate as an
ensemble which can be used for model prediction.
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To classify a new individual, features of this individual
are then used for classification.*! It can handle large
datasets with high dimensionality.

When medical data are unlabeled, supervised
machine learning techniques such as classification
and regression are not feasible, otherwise,
unsupervised machine learning techniques
(clustering methods) are required, which attempts to
find new natural clustering of the data into separate
new groups.® These machine learning techniques
occupy the heart of Al and would be mostly used
in future studies of anaemia prevalence in BRICS
nations. Figure 1 depicts the definition of the major
parts of Al.

ARTIFICIAL INTELLIGENCE
Programs with the ability to
learn and reason like humans

MACHINE LEARNING
Algorithms with the ability to learn
without being explicitly programmed

DEEP LEARNING
Subset of machine learning
| inwhich artificial neural
networks adapt and learn
from vast amounts of data

Fig.1: Artificial Intelligence, Machine Learning
and Deep Learning*?

Advances in both mobile computing power and
information technology infrastructure in LMICs give
hope to utilizing artificial intelligence to address
the current public health challenges.** As we see
a rise in global health challenges, Al can enable
researchers to observe and understand behaviour
and health states of individuals as well as their
feeding patterns.* Regarding anaemia, the proper
diagnosis and interventions may assist in reducing
anaemia risk with the development of medical
tools for risk assessment. In risk assessment
techniques, the focal point is the accurate prediction
of the disease or condition. In some countries and
studies, machine-learning techniques have been
used in the classification status of diseases such
as acute appendicitis,*' diabetes®® %46 and multiple
sclerosis.™

However, construction of predictive models for
childhood anaemia prevalence using machine
learning is minimal.#” Machine learning, a fast
becoming popular model in health research, is able
to assist in the development of models for prediction
purposes and is utilized in some nutrition studies.3*
For example, machine-learning algorithms have
been used to integrate blood parameters, physical
activity and gut microdata to accurately predict the
human response to actual meals.*®

Techniques such as random forest machine learning
models have been used to find correlation between
obesity and microbiome changes.*® Furthermore,
supervised machine learning approaches have
been used to track blood sugar levels in check
by targeted nutritional models.®® While the use of
machine learning to investigate nutritional status
in children has been conducted in India,* as far
as we are aware of, there is no such study where
machine learning was used to understand the issues
of anaemia prevalence at multivariate level in these
selected BRICS nations.

Concluding Remarks

This article has given an overview of the current
anaemia status in children and adolescents in three
BRICS countries, as part of a study that utilizes an
artificial intelligence approach for analyzing anaemia
prevalence in children and adolescents in South
Africa, India and Russia. It posits that the use of
machine learning in this area of health research
is still novel. The weightage assessment of the
crosslink between anaemia risk indicators using
machine-learning approach will assist policy makers
in identifying the areas of priority to intervene. This
will also create the space for optimizing a predictive
model to ensure a contextualized state action plan
ata policy level in the BRICS participating countries.
Health interventions utilizing artificial intelligence
and more specifically, machine learning techniques,
remains nascentin LMICs but could lead to improved
health outcomes. Crucial empirical results would be
reported in our future works.
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