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Abstract 

Nutritional status is an important determinant of health outcomes among children with cardiac disease, yet identifying children 

at risk of poor nutritional status remains challenging. Machine learning methods may provide useful tools for identifying 

important predictors and improving the classification of nutritional status in pediatric cardiac patients. The main objective of the 

study is to predict the nutritional status of children with cardiac disease using various machine learning methods, such as decision 

tree, logistic regression, random forest, support vector machine, and eXtreme Gradient Boosting. The predictive performance of 

each machine learning method was evaluated based on precision, accuracy, recall, f1 score, and the Kappa statistics value. The 

results indicate that the eXtreme Gradient Boosting method is recommended for predicting children nutritional status with 

precision, accuracy, recall, f1 score, and kappa statistics values: 0.7812, 0.7995, 0.7799, 0.7884, and 0.6299, respectively. The 

features that determine the nutritional status of children with cardiac disease are ROSS/NYHA, types of cardiac disease, 

pulmonary hypertension, anemia, pneumonia, and residence. This research will assist policy makers and healthcare providers to 

develop a framework for implementing necessary interventions and care practices to prevent complications associated with 

nutritional status in cardiac patients. 
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1. Introduction 

Malnutrition is one of the common health problems experi-

enced by children with cardiac disease in many countries [1, 

2]. It can affect the overall growth and development of chil-

dren [3]. Severe undernutrition affects 18.7 million, and mod-

erate acute undernutrition affects 32.8 million children world-

wide [2, 4]. Undernutrition is one of the most common causes 

of mortality and morbidity among children in the world [1, 3]. 

Assuming undernutrition as lack of available food due to poor 

economic status is not correct [5]. Cardiovascular disease is 

one of the common conditions which are associated with un-

dernutrition [6, 7]. The prevalence of undernutrition among 

children with cardiac disease varies based on severity of the 

disease. According to [8] a study done in Nigeria, reported a 

prevalence of undernutrition (90.4%) and severe undernutri-

tion (61.2%). However, there are limited works showing the 

prevalence of undernutrition among children with cardiac dis-

eases from Ethiopia [6]. 

Cardiac disease and undernutrition is highly related in mul-
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tidirectional [8]. Undernutrition is associated with usual hos-

pitalization, recurrent infections, and increased death rate [8, 

9]. The cause of undernutrition in cardiac patients is due to 

different factors [9]. Cardiac diseases can worsen undernutri-

tion due to different reasons; decreased food intake, increased 

energy requirement and venous congestion of the bowel [10, 

11]. 

If not addressed in time, undernutrition in children can 

cause serious health challenges, increases the risk of develop-

ing long-term health challenges, such as high blood pressure, 

diabetes mellitus, behavioral disorders and death [12, 13]. It is 

necessary to detect the nutritional status of children cardiac 

patients quickly so that the stakeholder can provide the neces-

sary treatment [14]. 

Different machine learning (ML) methods are used to pre-

dict nutritional status in children with cardiac disease, such as 

the k-nearest neighbor (kNN) [15, 16], naïve Bayes (NB) 

method [17], decision tree (DT) [18], logistic regression [19], 

support vector machine (SVM) [20], and learning vector 

quantization [20]. Different studies compare ML methods to 

predict malnutrition in patients [18, 19]. But, there is limited 

study in Ethiopia uses machine learning methods to predict 

nutritional statuses in children with cardiac disease. Therefore, 

this study aims to predict nutritional status of children with 

cardiac disease using different machine learning methods. 

2. Methodology 

2.1. Data Source 

 Nutritional status of cardiac children patient data were 

extracted from the cardiac center, Ethiopia. The study in-

cluded cardiac patients of age below 18 years. Data of 323 

patients comprise 141 boys and 182 girls were considered. 

The main purpose to collect data is to monitor and evaluate 

the nutritional status of cardiac children patients, including 

health status, causes of death, and more. 

2.2. Study Variables 

By reviewing the literature [21-24], list variables (Table 1) 

and extracted the selected variables from the cardiac patient 

information sheets. 

Dependent variable: The study was focused on assessing 

the nutritional status of children with cardiac disease by uti-

lizing the body mass index (BMI) as a measure. Nutritional 

status was assessed using height-for-age (HFA), weight-for-

age (WFA), and weight-for-height (WFH), and interpreted in 

accordance with World Health Organization (WHO) [25]. Ac-

cording to WHO, undernutrition recommends a cut-off z-

score of ≤ −2  to classify wasting, low HAZ (stunting) as 

moderate undernutrition, low WAZ (underweight) and and a 

z-score of ≤ −3 SD  to define severe undernutrition [25]. 

However, for this study, overweight and healthy weight of 

children with cardiac disease was classified as a category of 

dependent variable. 

Independent variable: Table 1 indicates the variable names, 

variable types, and categorizations based on previous litera-

tures [21-24]. The independent variable includes; respond-

ent’s age, place of residence, types of cardiac disease, birth 

order, family history of cardiac disease, economic status, 

chamber enlargements, admission frequency, corrective sur-

gery, pulmonary hypertension, anemia, New York Heart Asso-

ciation (ROSS/NYHA), heart failure, and gender were consid-

ered. 

Table 1. Variables and descriptions of the variables along with their categories. 

S/N Variables Variable type Categories 

1 Respondent’s age (Month) Categorical < 24, 24-59, 60-143, >=144 

2 Cardiac disease Categorical Congenital, Acquired 

3 Residence Categorical Urban, Rural. 

4 Birth order Categorical 1st, 2-3rd, >3 

5 Family history of CD Categorical Yes, No 

6 Economic status Categorical Below, average, above average 

7 Chamber enlargements Categorical Yes, No 

8 Pulmonary hypertension Categorical Yes, No 

9 Corrective surgery Categorical Yes, No 

10 ROSS/NYHA Categorical I, II, III, IV 

11 Anemia Categorical Yes, No 
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S/N Variables Variable type Categories 

12 Pneumonia Categorical Yes, No 

13 Heart failure Categorical No, Mild, Moderate to severe 

14 Gender Categorical Boy, girl 

15 Admission frequency Categorical No, 1, 2-3, >3 

 

2.3. Data Processing 

Many variables considered in this study were categorical, 

and a few of them were numeric. The numerical variable was 

converted into categorical variable for convenience of the 

study. Before model training, an exploratory analysis was con-

ducted; categorical variables of the data were encoded for nu-

merical values. 

Before the data was randomly split into 20% data for testing 

and 80% data for training, it is important to clean the data from 

outliers, and duplicates (if any). The variables, gender, age, 

birth order, economic status, corrective surgery, and heart fail-

ure, will not be included in the classification process because 

they are not involved in the calculation. So, the remains vari-

ables from the data are used for testing and training [15]. The 

main variable is nutritional status, which is a binary variable 

that contains underweight and normal weight. 

2.4. Feature Selection 

We continue with variable selection after removing any 

missing values or duplicates. Variable selection was aims to 

reduce processing time and costs of computations [26]. To in-

crease the predictive performance of the classification, we se-

lect variables that significantly contributed to the main class 

variable. We identify by conducting the chi-square test [27] 

between nutritional status and independent variables, and in-

clude those with a p-value < 0.05. Nine variables met these 

criteria and were used for developing the prediction model. 

These variables include ROSS/NYHA, types of cardiac dis-

ease, chamber enlargement, pulmonary hypertension, recent 

admission, admission frequency, anemia, pneumonia, and res-

idence. 

2.5. Dealing with Imbalanced Data 

In this study on the nutritional data of children with car-

diac disease, we noted a class imbalance, which result in 

biased estimates of measures of accuracy and precision. 

The percentage of health weight cardiac patient was 

40.60%, which create an imbalanced distribution of the un-

derlying classes and lead to biased and unreliable results 

while using machine learning. 

2.6. Feature Transformation 

Four feature transformation methods [27, 28] were applied 

(Table 2). From these methods, we select the best one for 

which the best machine learning can be extracted. The trans-

formations we used are Min-Max Scaling (M1), log transfor-

mation (M2), square root transformation (M3), and Robust 

Scaling transformation (M4). 

2.7. Machine Learning Algorithms 

The research used five machine learning algorithms to pre-

dict the nutritional status (underweight, healthy weight) of car-

diac patient in Ethiopia. The performance the algorithms was 

evaluated. The machine learning algorithms [19, 20, 29] used 

in this study include support vector machine (SVM), logistic 

regression (LR), random forest (RF), decision trees (DT), and 

extreme gradient boosting (XGB). 

2.8. Performance Evaluation 

Research used variety of measures to assess performance a 

models, as no single measure can fully capture all aspects of a 

model. Methods such as precision, accuracy, recall (sensitiv-

ity), f1 score, and the area under the curve were used to eval-

uate a model performance [18, 19]. 

2.9. Feature Importance 

Identifying important variable or features is important to 

machine learning prediction. Feature importance rates illus-

trate the significance of each variable for decision-making. We 

have used Permutation Importance (PI), to identify the signif-

icant variables from the data [26, 27]. 

Ethics Approval and Consent to Participate 

Ethical approval to conduct the studies was obtained from 

the cardiac center, Ethiopia with reference code (ref. no: 

chfe/9815/17/2024). Informed consent was obtained from 

guardian of patients under 18 years of age. The study strictly 

adheres to the principles outlined in the declaration of Hel-

sinki. 
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2.10. Results 

2.10.1. Descriptive Characteristics of the Study 

Participants 

This study considered 323 children with cardiac disease 

(CD). Among those 182 (56.35%) were girls, and 56.04% 

were under age of five years at the study center. About 215 

(66.56%) of the cardiac patients were resident in urban areas. 

Congenital cardiac disease (CCD) is more prevalent with 

71.21% of patients diagnosed with CCD and 29.79% with ac-

quired cardiac disease. Among the study patients, 35.29% had 

a history of anemia and 16.10% had history pulmonary hyper-

tension. There are 47 (14.55%) corrective surgeries were per-

formed, and 276 (85.45%) waiting to for corrective surgery 

during the study period. Moreover, 110 (34.05%) patients had 

no history of heart failure, 125 (38.69%) had mild cardiac fail-

ure and the others had moderate-to-severe cardiac failure. 

Pneumonia was identified in 17.96% of cardiac patients, 

and anemia was also common with a prevalence of 35.29%. 

Looking into the family history of CD, 27 (8.36%) had a his-

tory of cardiac disease. 

2.10.2. Machine Learning Algorithms Performance 

Evaluation 

The study used four feature transformation (FT) techniques, 

square root, Min-Max Scaling, and Robust Scaling transfor-

mation (M1, M2, M3, and M4) along with five machine learn-

ing (ML) algorithms to classify the nutritional status of car-

diac patients. The algorithms were evaluated based on various 

performance parameters, including kappa statistics, accuracy, 

precision, f1 score, recall, and AUC value. Tables 2-6 indicate 

algorithm’s classification accuracy, kappa statistics, precision, 

f1 score, and recall values. Tables 7-10 also present the pre-

diction results for underweight and healthy weight of cardiac 

patients, including precision, f1 score, AUC, and recall values. 

Table 2. Accuracy (%) of machine learning algorithms for overall nutritional status of cardiac patients. 

FT techniques DTM RFM LRM SVMM XGBM 

M1 65.424 75.807 56.127 56.454 78.925 

M2 66.586 75.104 56.540 56.828 78.258 

M3 67.213 75.929 57.605 57.444 79.106 

M4 68.532 76.123 56.793 56.891 79.957 

 

The results presents in Table 2 indicates that XGBM con-

sistently perform over all other algorithms, achieving the 

highest accuracy across all feature transformation techniques. 

The highest value of predictive performance of 79.957% was 

using Robust Scaling (M4), suggesting that this transfor-

mation effectively handled outliers within the cardiac patient 

data. 

Table 3. Kappa statistics (%) of machine learning algorithms for overall nutritional status of cardiac patients. 

FT techniques DTM RFM LRM SVMM XGBM 

M1 47.345 59.945 31.154 31.932 62.543 

M2 47.785 58.136 33.754 33.015 61.165 

M3 45.654 60.778 32.462 34.551 62.264 

M4 42.578 60.824 34.393 32.832 62.993 

 

The results of analysis of Kappa statistics give in Table 3 

indicate the reliability of the models beyond accuracy. XGBM 

have highest Kappa scores, with 62.993% when paired with 

Robust Scaling (M4). This indicates a significant level of 

agreement, validate that the model predictions are not the re-

sult of random chance. 
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Table 4. Precision (%) of machine learning algorithms for overall nutritional status of cardiac patient. 

FT techniques DTM RFM LRM SVMM XGBM 

M1 65.243 73.182 52.523 51.834 75.821 

M2 65.621 72.693 54.675 52.838 75.166 

M3 64.023 74.549 53.332 54.653 76.987 

M4 62.232 75.654 55.533 53.998 78.122 

The result of precision analysis given in Table 4 indicates the superiority of the XGB algorithm in identifying nutritional status 

in cardiac patients. The algorithm achieved highest precision over other methods, having 78.122% with Robust Scaling (M4). 

Table 5. Recall (%) of machine learning algorithms for overall nutritional status of cardiac patients. 

FT techniques DTM RFM LRM SVMM XGMM 

M1 65.284 73.034 54.785 55.293 77.632 

M2 65.623 72.355 56.332 55.822 76.712 

M3 64.084 74.073 55.476 56.814 77.443 

M4 62.187 75.277 56.833 55.823 77.996 

 

The results presented in Table 5 identify all relevant cases 

of nutritional status among cardiac patients. Robust Scaling 

(M4) optimized other measures; the XGB algorithm achieved 

high recall value of 77.996% when paired with M1. This value 

minimizes false negatives and ensures that patient’s nutri-

tional interventions are correctly captured by the algorithms. 

Table 6. F1 score (%) of machine learning algorithms for overall nutritional status cardiac patients. 

FT techniques DTM RFM LRM SVMM XGBM 

M1 65.554 73.683 53.564 51.192 76.122 

M2 65.733 73.038 55.380 51.774 75.465 

M3 64.421 74.784 54.037 52.665 77.231 

M4 62.582 76.017 56.142 52.783 78.485 

The results in Table 6 shows the f1 score for the algorithms, and XGB algorithm paired with the M4 had the highest f1 score, 

at 78.485%. 

Table 7. AUC (%) of machine learning algorithms for the underweight and healthy weight of cardiac patients. 

Nutritional status FT techniques DTM RFM LRM SVMM XGBM 

Underweight 

M1 62.543 69.865 58.126 57.243 78.483 

M2 65.721 74.223 49.843 49.825 85.011 

M3 67.843 72.094 49.937 49.564 79.521 

http://www.sciencepg.com/journal/ijdst


International Journal on Data Science and Technology http://www.sciencepg.com/journal/ijdst 

 

69 

Nutritional status FT techniques DTM RFM LRM SVMM XGBM 

M4 61.845 69.987 54.063 53.562 89.389 

Health weight 

M1 67.842 83.743 64.663 63.602 89.382 

M2 69.963 79.511 55.128 55.128 90.463 

M3 66.785 77.384 55.427 55.253 90.552 

M4 69.998 83.742 60.432 59.362 89.385 

The area under curve (AUC) given in Table 7 indicates the discriminative capacity of the algorithm for nutritional status, 

underweight and healthy weight. 

Table 8. Precision (%) of machine learning algorithms for the underweight and healthy weight of cardiac patients. 

Nutritional status FT techniques DTM RFM LRM SVMM XGBM 

Underweight 

M1 68.665 77.734 60.412 58.524 80.433 

M2 70.574 76.926 59.224 57.884 79.573 

M3 63.453 79.833 58.887 59.728 81.024 

M4 62.436 79.221 61.056 59.376 81.926 

Healthy weight 

M1 69.496 81.077 60.312 57.088 85.821 

M2 69.022 81.243 62.582 58.452 84.703 

M3 73.486 81.912 61.638 57.523 85.108 

M4 71.443 85.294 62.322 57.590 88.598 

 

The XGB algorithm indicates high performance, particu-

larly for the healthy weight, where it achieved its highest value 

AUC of 90.552% using the M3 transformation techniques (Ta-

ble 7). This value shows an ability to distinguish healthy pa-

tients from other attributes. Figure 1 indicates the AUC results 

for different algorithms for both categories. 

The precision analysis for the underweight and healthy 

weight classes, as summarized in Table 8. XGB outperformed 

other algorithm, having a high precision value of 81.926% for 

the underweight and 88.598% for the healthy weight. This 

suggests that the boosting significantly reduces of false-posi-

tive. Figure 2 shows the precision results for algo-rithms for 

both categories. 

Table 9. F1 score (%) of machine learning algorithms for the underweight and healthy weight of cardiac patients. 

Nutritional status FT techniques DTM RFM LRM SVMM XGBM 

Underweight 

M1 66.237 72.685 62.975 65.216 77.443 

M2 66.348 70.704 58.512 61.138 75.228 

M3 60.278 72.778 58.596 64.027 76.159 

M4 59.287 73.864 62.221 64.214 77.986 

Healthy weight 

M1 74.113 83.286 65.423 65.134 89.992 

M2 75.474 82.845 70.157 69.743 89.964 

M3 76.587 83.729 69.964 68.522 88.984 
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Nutritional status FT techniques DTM RFM LRM SVMM XGBM 

M4 73.926 86.296 67.984 66.283 88.623 

 

The f1 score performance was given in Table 9, it was 

shown that the M4 transformation techniques under the XGB 

attained the highest f1 score of 77.986% for the underweight 

class and 89.992% for the healthy weight class for M1 trans-

formation techniques. Figure 3 indicates that the f1 score for 

the algorithms for both classes. 

Table 10. Recall (%) of machine learning algorithms for the underweight and healthy weight of cardiac patients. 

Nutritional status FT techniques DTM RFM LRM SVMM XGBM 

Underweight 

M1 65.185 69.492 67.129 75.243 81.306 

M2 63.743 66.624 58.956 66.132 78.964 

M3 58.478 68.065 59.435 70.459 79.547 

M4 57.583 70.453 64.703 71.418 81.303 

Healthy weight 

M1 81.028 87.340 72.983 77.576 92.596 

M2 85.043 86.185 81.594 88.482 93.845 

M3 81.590 87.347 82.746 86.775 91.336 

M4 78.153 89.076 76.428 79.874 90.706 

 

Lastly, Table 10 present the Recall (%) algorithm and M4 

and M2 feature transformation methods yielded 81.303% and 

93.845%, for underweight and healthy weight respectively. 

Figure 4 indicates the highest recall value for algorithms for 

both categories. 

 
Figure 1. AUC (%) of different algorithms for underweight and Healthy weight. 
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Figure 2. Precision (%) of different algorithms for underweight and overweight/obese. 

 
Figure 3. F1 score (%) of different algorithms for underweight and healthy weight. 

 
Figure 4. Recall (%) of different algorithms for underweight and health weight. 
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Figure 5. Variable importance from the XGB model. 

 
Figure 6. Variable importance from the XGB model. 

3. Discussion 

Many prediction models can identify the nutritional status 

of cardiac patients. But, there is lack of research on the use of 

machine learning approach to predict the nutritional status of 

cardiac patients in Ethiopia. The main objective of this study 

is to predict the nutritional status (underweight, healthy 

weight) of cardiac patient in Ethiopia. This study applied four 

different feature transformation techniques and five machine 

learning algorithms such as decision tree, logistic regression, 

random forest, support vector machine, eXtreme Gradient 

Boosting [15-17]. 

The study by [30], the impact of various feature transfor-

mation techniques on cardiac failure data was examined and 

used logistic regression, eXtreme Gradient Boosting, decision 

tree, and random forest model with scaling methods; standard, 

Max-Abs, Min-Max, quantile, and robust transformation [31]. 

The study indicates that XGB better performance with stand-

ard and robust transformation, which is consistent with our 

findings. 

The XGB algorithm has the best prediction accuracy and 

the highest AUC score compared to other machine learning 

models for nutritional status pregnant women’s [32]. The 

study by [33] found that the ADB, RF, and XGB algorithms 

were an effective at predicting nutritional status of women at 

childbearing age’s [34], supporting this study’s findings. 

The study by [35] used XGB and Random Forest (RF) to 

analyze risk factors for obesity and overweight women. They 

found that the XGB algorithm is the best with highest accu-

racy and f1 score, and align with the study. 

In addition to identifying the best predictive models, this 

study also determined the essential features predicting nutri-

tional status among cardiac patient based on the best algorithm 

found in the study. Based on the important feature score for 

XGB algorithms suggested that the ROSS/NYHA, types of 

cardiac disease, pulmonary hypertension, recent admission, 

anemia, pneumonia, residence and admission frequency are 

the most important features for predicting the nutritional status 

of cardiac patients in Ethiopia. ROSS/NYHA is a significant 

factor in determining nutritional status of cardiac patients. 

This research aligns with previous studies [36]. The study re-

vealed that anemia is a risk factor for developing malnutrition. 

4. Rationale and Limitations of the Study 

This study has limitations as it relies on single center data, 

which restricts its generalization. The analysis did not adjust 

for the sampling weight. Despite these limitations, the study’s 

strength lies in identifying the best machine learning models 

using various performance evaluation methods, which is a 

main contribution to the current research. 

5. Conclusions 

This objective of this study was to assess the effectiveness 

of different machine learning models in predicting the nutri-

tional status of children with cardiac disease in Ethiopia. We 

applied feature transformation techniques to the data and use 

different algorithms to analyze the data and investigate their 

performance. The XGB algorithms have best performance 

found in this study. The XGB algorithm, an important features 

that determine the nutritional status of children with cardiac 

disease, and ROSS/NYHA, types of cardiac disease, pulmo-

nary hypertension, recent admission, anemia, pneumonia, res-

idence and admission frequency are determinant factors for 

nutritional status. This research will assist policy-makers and 

healthcare providers to develop a framework for implement-

ing necessary interventions and care practices to prevent com-

plications and reduce the burden of nutritional status associ-

ated with cardiac disease. 
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