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Abstract: 

 Background: 

Anaemia is a major public health problem particularly common among preschool-aged children and women in most of 

the developing countries. It is more interesting to know the odds of anaemia given the associated factors, rather than 

understanding the factors alone. So, this study aimed at constructing some predictive models by using the identified risk 
factors through machine learning approach. 

Methods:  

A hospital based cross-sectional study was conducted. The participants in this study included children of age group 6-36 

months. We developed some ML algorithms such as linear discriminant analysis(LDA), classification and regression 
trees(CART), k- nearest neighbors(K-NN), random forest(RF) and logistic regression(LR) in order to predict the 

anaemia status of children under 36 months old in Jammu.                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                     

Results:  

We compared the predictions obtained with the results of logistic regression which is the most widely used classifier in 
predicting disease status. It was found that the logistic regression classifier showed an accuracy of 61.67% in predicting 

the anemia prevalence. The other predictive models showed almost similar predictive accuracy as the logistic 

regression. Also, we have found that k-NN obtained the least accuracy in performing predictions but random forest 

showed the best prediction accuracy of 67.18% among all the predictive models built using machine learning 
techniques. 

Conclusion: 

Our study concludes that ML algorithms can be used to predict anaemia based on the common risk factors which 

ultimately can be helpful to prevent and control childhood anaemia. 
. 
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 Introduction 

 

Anaemia is the most common hematological disease of the pediatric age group and is widely prevalent in 

India and affects both males and females of all age groups[1]. Anaemia refers to a condition in which the 

blood hemoglobin concentration is lower than normal, resulting in poor cognitive and motor development 

in children and loss of work productivity in adulthood[2]. Childhood anaemia is a condition where a child 

has an insufficient hemoglobin (Hb) level to provide adequate oxygen to the body tissues. For children 

between 6 and 59 months (generally referred to as under-fives), the threshold Hb level for being non-

anemic is 11.0 grams per deciliter (g/dL)[3]. It is a major public health problem in several countries, 

particularly common among preschool-aged children and women[4]. Iron is an essential micronutrient and 

its deficiency is major cause of anaemia, intrinsically found in every cells of human body and has several 

metabolic function including hemoglobin transport and storage, DNA synthesis, electron transport, and 

energy production[5]. In some cases anaemia is temporary and caused by a nutritional deficiency or blood 

loss but sometimes it is the result of a chronic or inherited condition like genetic disorders, autoimmune 

problems and other diseases. Although many types of anemia are mild and easily treated, but there are some 

types of anemia which are severe, chronic and/or life-threatening. It is estimated that 24.8% (~1.62 billion 

people) of global population is suffering from anaemia while estimated anaemia prevalence is 47.4% (~293 

million) in preschool-aged children, which is highest in particular age-group, 41.8% (~56 million) of 

pregnant women and 30.2% (~468 million) of non-pregnant women are suffering from anaemia[6]. Infants 

aged 6–12 months are at an elevated risk of anemia because they are developing and growing rapidly and 

because the stored iron from the mother may be deficient, hence the addition of complementary food during 

this period is important and complementary foods influence the overall nutritional status of the 

infant[7]. Childhood anemia has a substantial association with social, economic, psychological, and health-

related problems and it is demonstrated that early childhood anemia is a strong predictor of adulthood 

anemia[4]. In the present study, we have used the criteria of World Health Organization (WHO) for 

diagnosing anaemia, which is defined by the following table1. 
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Table I: WHO Criteria for Anaemia and Grade of Severity [8] 

S.No.  Population Non-

Anaemia 

(gm/dL) 

  Anaemia (gm/dL) 

Mild Moderate Severe 

1. Children 6-59 months 

of age 

11 10.0-

10.9 

7.0-9.9 <7.0 

2. Children 5-11 years of 

age 

11.5 11.0-

11.4 

8.0-10.9 <8.0 

3. Children 12-14 years 

of age 

12 11.0-

11.9 

8.0-10.9 <8.0 

4. Non-pregnant women 

(15 years of age and 

above) 

12 11.0-

11.9 

8.0-10.9 <8.0 

5. Pregnant women 11 10.0-

10.9 

7.0-9.9 <7.0 

6. Men 

(15 years of age and 

above) 

13 11.0-

12.9 

8.0-10.9 <8.0 

 

Consequences of anemia on school-age children are poor psychomotor development, negative last-longing 

effects on central nervous system, poor IQ, poor school performance, reduced work capacity, and poor 

quality of life[5]. Factors including folate, vitamin B12 and another vitamin deficiencies, infections like 

malaria, parasitic infections and hemoglobinopathies are also associated with childhood anemia[9]. Several 

regional or national studies have examined the role of demographic, social, environmental and geographic 

determinants of anaemia and identified younger age, male sex, maternal age and education, maternal 

anaemia, malnutrition (especially stunting), insufficient meals per day, parasitic infection and recent 

diarrhoea, fever and absence of de-worming as significant risk factors for childhood anaemia[10]. In 

addition, childhood anemia is a common condition causing significant morbidity and mortality. Severe 

anemia carries a high „hidden‟ morbidity and mortality occurring months after initial diagnosis and 

treatment, and it is the common contributing factor for overall under-five mortality[4]. Despite recent 

economic development and the existence of a national anemia-control program, this rise in anemia is 

continuing which is being viewed with concern as the deficiency of hematopoietic micronutrients does not 

only result in anemia, it also leads to variety of other consequences including adverse effects on cognitive 

functions[11]. 

 

Because of the high prevalence and severe consequences of anaemia are long lasting and possibly 

irreversible in children has led international organizations like WHO, UNICEF, NFHS, Govt. of India and 

other NGO agencies to reduce the prevalence of anaemia as major goal and in order to achieve this goal, 

several strategies were implemented including iron fortification, use of iron supplements, deworming for 

school children, mid day meal programme and education regarding nutrition, but the goal still needs to be 

achieved[1]. Infants, under 5-year-old children and pregnant women have greater susceptibility to anemia 

because of their increased iron requirements due to rapid body growth and expansion of red blood cells[12].  
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Due to the abundance of health data and growing computational power, machine learning (ML) is engaging 

health researchers in a process of discovery around developing data-driven algorithms to make clinically 

reliable predictions. ML models can help to develop models for prediction purpose which have 

demonstrated high performance in solving classification problems as compared to the classical statistical 

models and these days machine learning is becoming popular in the field of medical and health research, 

where classification technique (part of supervised machine learning) is the most important among all the 

ML algorithms[13]. Machine learning has undergone significant development over the past decade and is 

being used successfully in many intelligent applications covering a wide array of data related problems[14]. 

Machine learning is a data analysis technology that teaches computers to act like humans, uses 

computational methods to extract information directly from data and the performance of the machine 

learning algorithm is improved according to the quality of data as well as enhancing the disease prediction 

process[15]. Machine learning algorithm (MLA) can be used for early detection of disease to increase the 

chances of elderly people‟s lifespan and improved lifestyle[16]. Machine learning has made easier to 

identify different diseases and diagnosis correctly and predictive analysis with the help of efficient multiple 

machine learning algorithms helps to predict the disease more correctly and help treat patients[17]. Methods 

such as support vector machine, random forest, and artificial neural network have been used to classify 

status of diseases like diabetes, acute appendicitis, multiple sclerosis, and many others using the common 

risk factors[13]. A limited research has been done to develop prediction models for anaemia among children 

using machine learning techniques[14,18-20]. 

 

Hence the aim of this study was to construct some predictive models by using the various risk factors based 

on literature study through machine learning approach. Four popularly used machine learning models 

namely, linear discriminant analysis(LDA), classification and regression trees(CART), k-nearest neighbors 

and random forest were used in this paper. Further, their predictive performances were compared with the 

logistic regression model. In order to evaluate the predictive performance of the models, we used acccuracy, 

sensitivity, specificity. In this study, children of age 6-36 months with Hb ≤ 11.0 grams per deciliter (g/dl) 

were considered as anemic, otherwise non-anemic. 

 

Materials and Methods 

 

A cross-sectional study was conducted to obtain primary data from the OPD of one of the district hospitals 

of Jammu. The population included in the study was all children in the age group of 6-36 months. Data was 

collected by using a pre-tested and structured questionnaire. After explaining the purpose of the study, 

written consent was obtained from either of the parents or guardian. Ethical approval was obtained from the 

University of Jammu and also the permission to conduct the survey was taken from the administration of 

the hospital. The size of the sample was obtained by using the formula n = (𝑧2 × pq) 𝑒2 . The ratio of 

anaemic children in India was taken as 70%[21] so, p = 0.70 and q = 0.30. The value of z-score was 1.96 

for two tail test at 5% level of significance and 2% standard error. So, the sample size required for this 

study was 2016. For the sake of convenience, we consider the sample size to be 2010. Systematic sampling 

technique was used for the selection of patients visiting the hospital‟s OPD by varying the sampling fraction 

k every day.  

 

Inclusion Criteria 

 Both male and female children in the age group of 6-36 months were included in this study. 

Exclusion Criteria 

 Children aged less than 6 months and greater than 36 months were excluded from this study.  

 Also children suffering from homoglobinopathies(thalassemia, sickle cell anaemia, leukemia and 

others) were not taken into consideration under this study.  

 Critically sick children were also excluded from this study. 

Variables under the study were age of the child, place of residence, tehsils, sex of the child, maternal age, 

family monthly income, maternal education, maternal working status, parental education, maternal 

underweight, maternal anaemia, weight of the child at birth, child growth status, exclusively mother‟s feed, 

any drug for parasites, mode of delivery and child morbidity(fever). 
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STATISTICAL ANALYSIS  
Statistical software R was used for the purpose of analysis. Pearson‟s chi-square test and odds ratio(OR) 

with corresponding 95% Confidence Intervals(CI) were computed to determine association between 

independent and dependent variable(anaemia). Machine learning algorithms were obtained with the sample 

of 80% of study participants in each group(training dataset, n=1608) and validated in the remaining 20% of 

sample(test dataset, n=402). All models were trained and tested with k-fold cross validation data.    

 

ALGORITHMS 

The machine learning algorithms are model-free methods that provide efficient solutions to classification 

problems[13]. Following machine learning algorithms were used in this study: 

LDA: Linear discriminant analysis (LDA) is a generalization of Fisher‟s linear discriminant, a method used 

in statistics, pattern recognition and machine learning to find a linear combination of features that 

characterizes or separates two or more classes of objects or events[22]. LDA is a dimension reduction 

method rather than a discriminant classifier which finds a linear transformation that can maximize the class 

separability in the reduced dimensional space and the criterion used in LDA is to find a dimension reducing 

transformation that maximizes the between-class scatter and minimizes the within-class scatter[23]. 

CART: CART can handle numerical data that are highly skewed or multi-modal, as well as categorical 

predictors with either ordinal or non-ordinal structure which is an important feature, as it eliminates analyst 

time which would otherwise be spent determining whether variables are normally distributed, and making 

transformation if they are not[24]. If the dependent variable is continuous, CART produces regression trees, 

and if the dependent variable is categorical, CART produces classification trees[13]. In the present study, 

CART was used to classify a dichotomous outcome variable, i.e. the status of anemia. 

K-NN: The k-nearest neighbor algorithm is one of the simplest machine learning algorithms which is 

simply based on the idea that objects that are near to each other will also have similar characteristics, hence, 

if you know the characteristic features of one of the objects, you can also predict it for its nearest 

neighbor[25]. 

RF: This is an ensemble learning algorithm that fits a number of regression decision trees on several 

subsamples of the data. The mean value of the outcomes of the regression tree is generated as the final 

prediction of the algorithm[26]. RF runs efficiently for large data sets and can handle hundreds of input 

variable[27]. 

Logistic Regression(LR): logistic regression is widely used in medical literature especially for corelating 

the dichotomous outcomes with the predictor variables[28]. Logistic regression is widely used in many 

fields such as medical, business, economics and so on and it measures the relationship between the 

categorical dependent variable and one or more independent variables[29]. 

Accuracy of the predictive models is critical as it determines the quality of their predictions that form the 

scientific evidence for decision-making and policy, therefore, it is important to correctly assess the 

predictive accuracy[30]. K-fold cross-validation technique can be used to estimate the predictive accuracy 

of the classifier from the training data. Cross-validation provides equal opportunity to each sample in our 

dataset of being tested. k-fold cross-validation is a special case of cross-validation where we iterate over a 

dataset set k times and in each round, we split the dataset into k parts: one part is used for validation and the 

remaining k − 1 parts are merged into a training subset for model evaluation. Eventually, we compute the 

cross-validation performance as the arithmetic mean over the k performance estimates from the validation 

sets[31]. The comparative performance of machine learning algorithms is commonly evaluated with the 

help of confusion matrices. In a confusion matrix for a two-class case with classes “0” and “1”, there are 

four possible outcomes of prediction, which are TR= true positives, TN=true negatives, FP=false positives, 

and FN=false negatives[13]. These outcomes can also be defined in the following ways: 

 True Positives (TP): Anaemic people who are correctly diagnosed as anaemic. 

 True Negatives (TN): Non-anaemic people who are correctly identified as non-anaemic. 

 False Positives (FP): Non-anaemic people who are incorrectly identified as anaemic(Type I error). 

 False Negatives (FN): Anaemic people who are incorrectly identified as non-anaemic(Type II error). 

Accuracy is the proportion of the total number of predictions that were correct[32], sensitivity (also called 

the true positive rate) measures the proportion of actual positives which are correctly identified as such (like 

the percentage of sick people who are correctly identified as having the condition) while specificity 

(sometimes called the true negative rate) measures the proportion of negatives which are correctly identified 

as such (like the percentage of healthy people who are correctly identified as not having the condition), 

hence, these performance measures can be determined as: 

 Sensitivity True Positive rate (TPR) = TP / (TP+FN)   

 Specificity or True Negative rate (TNR) = TN / (TN+FP) 

 Accuracy =TN+TP/(TN+TP+FN+FP)[33]                                                                                                                                                          
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RESULTS 

 

A total of 2010 study participants were included in this study, out of which 922(45.87%) were non-anaemic 

and 1088(54.13%) were anaemic. Regarding the training set which consists of 1608 children, 742 children 

were non-anaemic and 868 were anaemic. We performed the bivariate analysis between the anaemia status 

and all the various variables considered in this study for both complete data and training data by applying 

chi-square test which is shown in table 2 and table 3. 

 

Table 2: Bivariate analyses of outcome variable(anaemia) and selected characteristics of 6-36 months old 

children(n=2010, full data) 

Variables Non-anaemic 

N=922 

Anaemic 

N=1088 

P-value 

Age of the 

Child(months) 

  <0.001 

6-12 

 

33.0% 31.3%  

13-24 

 

41.5% 50.4%  

25-36 25.5% 18.4%  

Place of 

Residence 

 

 

  0.037 

Urban 

 

49.6% 54.2%  

Rural 

 

50.4% 45.8%  

Tehsils 

 

 

  0.001 

Akhnoor 

 

45.4% 37.1%  

Bahu 

 

22.2% 28.8%  

Bishnah 

 

9.7% 12.7%  

Jammu 

 

2.5% 1.7%  

Jammu South 

 

7.2% 7.5%  

Nagrota 

 

7.7% 6.9%  

R.S. Pura 

 

5.3% 5.4%  

Sex of the Child 

 

 

  0.020 

Male 

 

46.5% 51.7%  

Female 

 

53.5% 42.6%  

Maternal 

Age(years) 

  0.041 

20-29 

 

61.9% 57.4%  

<20 and >29 

 

38.1% 42.6%  
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Family Monthly 

Income(in 

rupees) 

 

 

  0.019 

≤ 20,000 

 

34.2% 40.3%  

21,000-50,000 

 

53.0% 49.2%  

50,000-1,00,00 

 

8.9% 7.9%  

Above 1Lakh 

 

3.9% 2.6%  

Maternal 

Education 

 

 

  0.002 

Upto H.S. 

 

24.6% 31.0%  

Graduation 

 

56.9% 49.5%  

P.G. and Above 

 

18.4% 19.5%  

Maternal 

Working Status 

 

 

  0.045 

Not Working 

 

59.2% 54.8%  

Working 

 

40.8% 45.2%  

Paternal 

Education 

 

 

  0.173 

Graduation 

 

40.2% 37.1%  

P.G and Above 

 

59.8% 62.9%  

Maternal 

Underweight 

 

 

  <0.001 

No 

 

64.3% 54.3%  

Yes 

 

35.7% 45.7%  

Maternal 

Anaemia 

 

 

  <0.001 

No 

 

55.4% 46.8%  

Yes 

 

44.6% 53.2%  

Weight of child 

at birth 

 

  <0.001 
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LBW 

 

35.7% 45.1%  

Normal 

 

64.3% 54.9%  

Child Growth 

Status 

 

 

  <0.001 

Stunted 

 

29.1% 38.0%  

Underweight 

 

25.4% 28.0%  

Wasted 

 

12.6% 9.5%  

Normal 

 

33.0% 24.5%  

Exclusively 

Mother’s Feed 

 

 

  0.186 

No 

 

50.3% 47.2%  

Yes 

 

49.7% 52.8%  

Any Drug for 

parasites 

  <0.001 

No 

 

65.1% 51.9%  

Yes 

 

34.9% 48.1%  

Mode of 

Delivery 

 

 

  0.040 

Vaginal delivery 

 

67.4% 63.0%  

Cesarean section 

 

37.6% 37.0%  

Child 

Morbidity(fever) 

 

  <0.001 

No 

 

41.4% 57.7%  

Yes 

 

58.6% 42.3%  

 

 

In the bivariate analysis of table 2, child‟s age, place of residence, sex of the child, age of mother, family 

monthly income, mother‟s education and working status, maternal underweight and anaemia status, weight 

of the child at birth, child‟s growth status, any drug for parasites, mode of delivery and fever status were 

significantly associated with anaemia. Further, by using these significant variables machine learning 

algorithms were developed on the training dataset(Table 3). 
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Table 3: Bivariate analyses of outcome variable(anaemia) and selected characteristics of the 6-36 months 

old children(n=1608,training data). 

Variables Non-anaemic 

N=741 

Anaemic 

N=867 

Odds 

Ratio(OR) 

P-value 

Age of 

Child(months) 

 

 

   0.005 

6-12 

 

33.3% 31.0% 1.187  

13-24 

 

42.2% 49.8% 1.504  

25-36 

 

24.4% 19.1% Reference  

Place Of 

Residence 

 

   0.237 

Urban 

 

50.2% 53.2% 1.126  

Rural 

 

49.8% 46.8% Reference  

Tehsils 

 

 

   0.009 

Akhnoor 

 

44.3% 37.8% Reference  

Bahu 

 

22.3% 28.7% 0.936  

Bishnah 

 

9.6% 12.8% 1.408  

Jammu 

 

2.4% 1.7% 1.459  

Jammu South 

 

7.4% 7.3% 0.778  

Nagrota 

 

8.4% 6.5% 1.050  

R.S. Pura 

 

5.7% 5.2% 0.843  

Sex of the Child 

 

 

   0.479 

Male 

 

49.0% 50.6% 1.073  

Female 

 

51.0% 49.4% Reference  

Maternal 

Age(years) 
 

 

   0.018 

20-29 

 

62.1% 56.3% Reference  

<20 and >29 

 

37.9% 43.7% 0.786  

Family Monthly 

Income(in 

rupees) 

 

 

   0.003 
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≤ 20,000 

 

34.0% 41.6% 2.451  

21,000-50,000 

 

53.3% 48.3% 1.805  

50,000-1,00,00 

 

8.8% 8.1% 1.837  

Above 1Lakh 

 

3.9% 2.0% Reference  

Maternal 

Education 

 

   0.001 

Upto H.S. 

 

24.2% 31.4% 1.155  

Graduation 

 

58.2% 48.8% 0.747  

P.G. and Above 

 

17.7% 19.8% Reference  

Maternal 

Working Status 

   0.041 

Not Working 

 

59.5% 54.3% Reference  

Working 

 

40.5% 45.7% 0.814  

Paternal 

Education 

   0.062 

Graduation 

 

56.4% 52.0% 1.21  

P.G and Above 

 

43.6% 48.0% Reference  

Maternal 

Underweight 

   <0.001 

No 

 

65.0% 53.2% Reference  

Yes 

 

35.0% 46.8% 0.610  

Maternal 

Anaemia 

   <0.001 

No 

 

59.0% 53.0% Reference  

Yes 

 

41.0% 49.7% 0.704  

Weight of Child 

at Birth 

 

   <0.001 

LBW 

 

34.4% 48.3% 1.772  

Normal 

 

65.6% 51.7% Reference  

Child Growth 

Status 

   <0.001 

Stunted 

 

29.7% 39.6% 1.981  

Underweight 

 

25.1% 29.0% 1.730  

Wasted 

 

12.8% 9.8% 1.142  

Normal 

 

32.4% 21.7% Reference  
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Exclusively 

Mother’s Feed 

   0.086 

No 

 

38.3% 42.8% 1.27  

Yes 

 

61.7% 57.2% Reference  

Any drug for 

Parasites 

   0.001 

No 

 

62.8% 55.0% Reference  

Yes 

 

37.2% 45.0% 0.723  

Mode of 

delivery 

   0.009 

Vaginal delivery 

 

68.2% 61.9% Reference  

Cesarean section 

 

31.8% 38.1% 0.760  

Child 

Morbidity(fever) 

   0.323 

No 

 

97.4% 96.8% Reference  

Yes 

 

2.6% 4.2% 1.43  

 

Based on the various significant factors obtained from the complete data(table 2), we applied four different 

algorithms in the training dataset. These algorithms were applied to differentiate the study participants as 

anaemic and non-anaemic based on the significantly associated risk factors. The comparative performance 

of each classification algorithm was based on accuracy, sensitivity and specificity and the results were 

shown in Table 4 for both the training and test dataset. 

Table 4: Predictive performance of various machine learning algorithms. 

 Algorithms 

 

LDA 

 

CART K-NN RF LR 

Training Set 

 

     

Accuracy 

(%,95% CI) 

 

62.34 

(60.29-

64.45) 

61.12 

(58.72-

63.37) 

66.43 

(64.23-

68.45) 

94.89 

(94.10-

95.43) 

62.89 

(60.70-

65.13) 

Senstivity(%) 

 

64.32 72.04 68.73 95.23 64.63 

Specificity(%) 

 

60.85 48.55 64.13 93.98 60.76 

Test Set 

 

     

Accuracy 

(%,95% CI) 

 

62.10 

(57.58-

66.13) 

61.40 

(56.83-

65.13) 

60.36 

(56.43-

65.13) 

67.18 

(63.06-

71.86) 

61.67 

(57.15-

65.04) 

Senstivity(%) 

 

63.15 70.54 64.95 69.43 62.34 

Specificity(%) 

 

61.85 52.90 57.63 65.74 61.66 

 

The linear discriminant analysis(LDA) revealed an accuracy of 62.10% for predicting the anemia status of 

the study participants in the test set with a sensitivity and specificity of 63.15% and 61.85% respectively. 

The accuracy of logistic regression in the test dataset was found out to be 61.67% with a sensitivity of 

62.34% and specificity of 61.66%. The CART algorithm achieved an accuracy of 61.40%, sensitivity of 
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70.54% with a specificity of 52.90%. The k-nn algorithm showed an accuracy of 60.36%, sensitivity of 

64.95% and specificity of 57.63%. Hence among all the machine learning algorithms, k-nn algorithm 

showed the lowest performance. On the other hand, random forest(RF) algorithm showed an accuracy of 

67.18%, senstivity and specificity of 69.43% and 65.74%. Therefore, out of these four classifiers, the 

random forest algorithm enabled us to obtain the most desirable results. Thus, it was clear among the 

various machine learning algorithms, random forest performed the best for the prediction of anaemia status 

among the children. 

 

DISCUSSION 

Machine learning is a technique which enables one to compute general concepts from large datasets, 

commonly in the form of an algorithm and provides an outcome which is otherwise difficult for the 

humans to accomplish because of the increased data volume and complexity. The use of machine learning 

technique is rapidly increasing in diagnosing diseases and in sorting and classifying health data which will 

help the medical practitioners to speed-up decision making in the hospitals. In the present study, a cross-

sectional study was carried out in the hospital of Jammu to develop four different machine learning 

algorithms and further, their predictive performances were compared with the logistic regression model. 

Various researches have been conducted in predicting the status of a disease which helps in efficient and 

accurate decision-making[13-20,27,28,33]. However, to the best of our knowledge, it is the first study to 

carry out an investigation of the performance of ML models for childhood anaemia disease prediction in 

India.  

In this study, we predict anaemia of children aged 6-36 months based on their socio-economic, 

demographic, health and other characteristics. Our findings revealed that age of the child, place of 

residence, child‟s gender, maternal age, monthly income of family, maternal education and working status 

and health characteristics of mother were associated with the anaemia of children. Also, weight of the 

child at birth, child‟s growth status, mode of delivery, fever and drug for parasites exhibited a strong 

association with the prevalence of anaemia. We developed four different machine learning algorithms with 

the help of training dataset for predicting anemia prevalence based on several associated risk factors and 

the predictions obtained were compared with the results of logistic regression, the most widely used 

classifier in predicting a disease status. The logistic model classifier showed an accuracy of 61.67% in 

predicting the anemia prevalence in the test dataset. Among all the predictive models built using machine 

learning techniques, random forest showed the best prediction accuracy result of 67.18%. The other 

predictive models showed almost similar predictive accuracy as the logistic regression. Out of these 

models, the k-NN obtained the least accuracy in performing predictions. Anemia is one of the main severe 

and widespread nutritional disorders, and the most vulnerable population suffering from anemia is children 

<5 years, especially those in the first 2 years of life[34]. Hence, the findings of the study concluded that 

the incidence of anemia among children can be reduced to a great extent by intervening in identified risk 

factors.  

CONCLUSION 

Comparison of the performance of four different classifiers was done for the prediction of anemia among 

children of 6-36 months. The results suggest that Random forest algorithm provides best performance in 

terms of accuracy as compared to rest of the classifiers in predicting whether a child is anaemic given the 

risk factors. Our study concludes that ML algorithms can be used to predict anaemia based on the common risk 

factors which ultimately can be helpful to prevent and control childhood anaemia. However, our findings 

could be helpful for identifying children who are at risk of anemia in the future and the policy makers may 

focus on the child‟s nutritional status and mother‟s education. Thus, this study would be helpful in 

recommending a better preventive measure for anaemia among children. Moreover, this study assessed the 

existing situation of anaemia among children aged below 3 years in Jammu city and showed the extent of 

occurrence of anaemia. 
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