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Abstract.

Purpose: Malnutrition in toddlers is a nutritional issue that Indonesia is still dealing with. Toddlers can suffer from
decreasing cognitive and physical abilities, as well as being categorized as having a high risk of death. Early detection
is crucial for preventing this and providing appropriate treatment if malnutrition is detected. Classification is a machine-
learning technique widely used in disease detection. Because it is simple and easy to implement, K-Nearest Neighbor
is the most used classification algorithm. Detecting malnutrition can be done automatically and more quickly by
utilizing classification and machine learning algorithms. The aim of this study was to analyze performance to find out
which model is best for detecting malnutrition by evaluating the performance of classification using KNN with the
Euclidean distance function.

Methods: The dataset used in this study is the nutritional status of toddlers from Puskesmas Ubung. The classification
method proposed in this research is the KNN algorithm with Euclidean distance. There are three scenarios for the
classification model that will be used. Performance classification will compare each model in terms of accuracy,
precision, recall, f1-score, and mean absolute error.

Results: The experimental results show that KNN k = 15 using the first model generates excellent classification when
classifying malnourished toddlers using the Euclidean distance function. The model obtains 91% accuracy, 86.6%
precision, 83.8% recall, 85.2% recall, and a mean absolute error of 0.09.

Novelty: In this experiment, we analyzed the performance of the KNN to classify malnourished children using a
nutritional status dataset, which resulted in an excellent classification that could be used for early detection.
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INTRODUCTION

Malnutrition is one of the nutritional challenges that the world is currently dealing with on an individual
and community level [1]. Malnutrition is a severe nutritional condition where the nutritional status of
toddlers is far below the standard [2]. Indonesia is one of the developing countries with nutritional
challenges. According to 2017 Nutritional Status Monitoring data, the prevalence of malnourished toddlers
in Indonesia is 17.8% [3]. Malnourished toddlers tend to be triggered by a lack of protein and energy intake
consumed daily for a long period of time [4]. Malnutrition causes impairment of cognition, delayed physical
growth, a higher risk of death, and disease exposure [5], [6]. Therefore, early detection of malnourished
toddlers is needed to prevent this from happening.

In this regard, machine learning techniques have already been implemented in health sector, such as
classification, clustering, and association for disease detection purposes [7]. One of the well-known
machine learning algorithms for disease classification is K Nearest Neighbor (KNN). Prediction of the
possibility of getting COVID-19 [8], heart disease prediction [9], and diagnosis of osteoporosis [10] are
some examples of classification with KNN. Not only in the health sector, KNN can also be applied to image
classification, face identification, text classification, spam email classification, and even leaf disease
detection for chili plants [11]-[15].
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The KNN is a classification technique that is frequently utilized for classifying data input into pre-defined
classes [16]. The prediction of the KNN classification model is solely based on neighbor values, with no
assumptions about the dataset. The ‘K’ in KNN stands for the number of nearest neighbor data values. The
KNN algorithm decides on classifying the given dataset based on ‘K’ or the number of nearest neighbors
[17]. The confusion matrix is one of several parameters that can be used to evaluate the performance of a
classification algorithm [18],[19]. Once the confusion matrix is generated, the following metric values are
generated: accuracy is the percentage of accurate prediction; precision is the ratio of positively predicted
instances among the retrieved instances; recall is the ratio of positively predicted instances among all the
instances; and the fl1-score states equilibrium between precision and recall [20],[21]. The mean absolute
error for each model is also taken into consideration for evaluation. MAE is a metric that indicates how
well a forecast or prediction matches the actual outcome [22]. MAE characterizes the difference between
the original and predictable values and is mined as the total alteration mean of the dataset [23] .

In another research, KNN was used to classify the nutritional status of toddlers in a similar study with the
highest accuracy of 85.24% with K = 3, 5, 7, and 9 [24]. Another research used different classifiers to
compare the best performance for predicting diabetes. It was found that KNN performed best from SVM
classifier achieving an accuracy of 83.15% [25]. In another research, KNN was used to recognize human
emotions based on electroencephalogram signals, with up to 200 records collected using a Neurosky
Mindwave mobile device. With a value of k = 15, the highest accuracy was 93.33% [26].

The purpose of this research is to analyze the performance of each classification model that will be tested
using the toddler nutrition examination dataset. The distance function used is the Euclidean distance with
Kvalues of 1, 3,5, 7,9, 11, 13, and 15. Each classification result is evaluated, and the resulting level of
accuracy is analyzed. Then compared to find the best and considered the most effective model used to
classify malnourished toddlers.

METHODS

The analysis was carried out on performance metrics, namely accuracy, precision, recall, and F1 score,
using the k-nearest neighbor algorithm. The dataset will go through a preprocessing process to check for
completeness, consistency, or the absence of noise or inconsistency in the data. Preprocessing is one of the
stages of clearing problems that could cause problems with the data processing's results [27]. When data is
obtained through an experiment, the next step is to model the data for the purpose of extracting useful
information [28].

There are three scenarios for the classification model that will be used. In the first classification model, the
dataset will be broken down into 80% training data and 20% testing data. For the second classification
model, the dataset will be broken down into 70% training data and 30% testing data. For the third
classification model, the dataset will be broken down into 60% training data and 40% testing data. The
following dataset can be seen in Figure 1.

Dataset Preparation

Preprocessing

Split Dataset

v ' +
80% Training 70% Training 60% Training
20% Testing 30% Testing 40% Testing

Figure 1. Dataset preparation

Each classification will use a value of k =1, 3, 5, 7, 9, 11, 13, 15. There are twenty-four performance
metrics results, namely eight from the first model, eight from the second model, and finally eight from the
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third model. The highest performance metric value will be chosen as the best method in this study using
the KNN method. The effect of the k value and model on each classification will also be analyzed to see
how big the effect is. All classification results are processed using the Python programming language and
the Skicit-Learn library. The following development evaluation model to select the best model is seen in
Figure 2.

Model Development & Evaluation

K-Nearest Neighbor
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Figure 1. Model development and evaluation

Dataset

This study uses data on the nutritional status of toddlers from Puskesmas Ubung. The data collected is the
data of 2021, which is hereinafter referred to as the research dataset. Each entity of the dataset, hereinafter
referred to as data, represents a single nutritional status that has nine attributes and one binary class. Each
attribute or criterion represents the aspects assessed to indicate the child’s nutritional status, namely gender,
age, weight of the toddler at the time of the checkup, height of the toddler, body weight according to height
(bb/tb), z-score bb/th, body height according to age (tb/u), z-score th/u, and z-score body weight based on
age (bb/u). Table 1 shows a snippet of the dataset.

Table 1. Snippet of the dataset
JK  Umur Berat Tinggi Z-ScoreBB/TB BB/TB  Z-Score TB/U TB/U  Z-Score BB/U  Malnutrisi

1 44 6,7 81,0 -5,02 1 -4,71 1 -5,80 1
1 39 11,5 89,5 -0,97 3 -2,00 3 -1,83 0
1 38 12,0 90,4 -0,68 3 -1,63 3 -1,39 0
1 37 11,0 87,7 -1,06 3 -2,17 2 -2,01 1
1 50 12,0 85,0 0,58 3 -4,37 1 -2,40 1
0 32 12,8 89,3 0,08 3 -1,30 3 -0,62 0
0 54 13,7 100,3 -1,48 3 -1,52 3 -1,87 0
1 32 12,5 86,0 0,79 3 -1,82 3 -0,44 0
0 49 12,5 98,8 -2,33 2 -1,22 3 -2,22 1
0 53 13,6 101,2 -1,78 3 -1,14 3 -1,82 0
0 56 13,5 101,3 -1,89 3 -1,48 3 -2,10 1
0 39 14,3 95,0 0,21 3 -0,83 3 -0,34 0

K-Nearest Neighbor

KNN is an algorithm that is included in the supervised machine learning algorithm, which is easy to
implement and can solve quite complex tasks [29]. There are two crucial factors that determine the
performance of the KNN: the first is the distance function used, and the other is the selected k value [30],
[31]. KNN, as a lazy earning model, requires that all training data instances be saved. Then, for each unseen
case and each training instance, it computes a pairwise distance or similarity measure [32]. The
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disadvantage is that we have to compute distances for each new sample with each training sample in the
dataset [33].

KNN is referred to as non-parametric because it does not assume any underlying data distribution [34],[35]
.The working principle of KNN is to calculate the distance of a new sample data point from the point closest
to it [36]. The KNN working principle is shown below in Figure 4. There are 2 different classes, namely
class A in the shape of a red square and class B in the shape of a green triangle. The yellow circle point "?"
is data that will be predicted by KNN to be included in class A or class B.

(&) 3]
s &
ass B ClassA
: (fllass; ‘ Class B
L
[ |
m ® "
- N A R - A R
" oA A [ W
‘ ‘ o '-.“ ‘
A A A
A A

Figure 3. KNN principle. (a) inisial data, (b) calculate instance, (c) find neighbor and vote

In KNN, there are various distance functions that can be used, such as Euclidean distance, Minkowski
distance, or others. The distance function that is most often used is the Euclidean distance because of its
simplicity. Therefore, this research uses Euclidean distance. The function is discussed as follows:

Euclidean d gy = /2=, (a; — b;)? (€D)]
Where:

dpy = distance

a = training data

b = testing data

i = number of attributes

n = dimension data

Performance Evaluation

The classification will be evaluated using the performance metrics that have been considered. This metric
is obtained with the help of a confusion matrix. The confusion matrix can be used to analyze more detailed
algorithms in machine learning [37]. Confusion matrix is shown in Figure 5.
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Predicted Class

True Positive (TP) False Negative (FN)

Actual Class

False Positive (FP) True Negative (TN)

Figure 4. Confusion matrix for binary classification.

Confusion matrix represents the sum of the actual and predicted values [19]. The confusion matrix contains
four numbers that are used to determine the measurement metrics of the classifier. These four numbers are:
True Positive (TP) is total number of toddlers who been properly classified as malnourished. True Negative
(TN) is the total number of correctly classified toddlers who are normal. False Positive (FP) is the total
number of misclassified toddlers with malnourished but normal. False Negative (FN) is total number of
toddlers misclassified as normal but malnourished [38].

Accuracy, precision, recall, and F1 score are performance metrics for an algorithm that are calculated based
on the TP, FP, TN, FN mentioned above.

Accuracy = L — (2)
(TP+FP+TN+FN)
Precision = —— 3
TP+FP
Recall = —= 4)
TP+FN
_ (Precision xRecall)
F15core =2 X (Precision+Recall) (5)

The classifier's accuracy is measured by the proportion of correctly classified instances to all other instances
in the dataset that are represented [39]. The precision of an algorithm is the percentage of positive
predictions that are correct. The recall metric is the percentage of positive labeled instances predicted as
positive; sensitivity is another name for recall. F1 score or F measure is precision between recall harmonic
mean [40].

RESULTS AND DISCUSSIONS

Three classification models will be used to evaluate each model's classification performance. Each
classification model generates results including accuracy, precision, recall, and fl-score, each with a
different k value. The classification of malnourished toddlers in this research uses the Python programming
language and the Skicit-Learn library. The KNeighborClassifier function in the library is used to classify.
The first step is to take the Sklearn library and import the required functions such as KNeighbor Classifier,
train_test_split, confusion matrix, and classification metrics.

The second step is to load data using pandas as pd to get the dataset file (.xIsx), declare the dataset in the
df variable, and check if the dataset has a missing value using function variable.isnull(). The third step is
declaring the features and targets. The fourth step is to split the dataset using the train_test_split() function
with three parameters: feature, target, and test size. The fifth step of generating the model is creating a KNN
classifier, training the model using training sets, and predicting the response for the test dataset.
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The final step is to print performance metrics using the confusion_matrix() function by comparing actual
test set values and predicted values and to generate reports using metrics. Determining the best model is
done using three scenarios on the dataset. The best model is generated with 80% training data and 20%
testing data using k = 15. The confusion matrix of each of the best k from each existing model can be seen
in Tables 2, 3, and 4.

Table 2. Confusion matrix k = 15 model 1

True label Predicted label
0 1

0 130 8
1 10 52

Table 3. Confusion matrix k =5 model 2

True label Predicted label
0 1
0 194 13
1 17 76

Table 4. Confusion matrix k = 1 model 3

True label Predicted label
0 1

0 265 1
1 23 94

Table 2 shows the confusion matrix of K = 15, which produces the best performance in the first model.
With a True Negative value of 130, a true positive value of 52, a false positive value of 8, and a false
negative value of 10, Similarly, Table 3 and Table 4 are the best K confusion matrices in the second and
third models, respectively. TN = 194, TP =76, FP = 13, FN = 17 on the second model; TN = 265, TP =94,
FP =18, FN = 23.

Accuracy Comparison

Accuracy
92 -

91 4

90 -

89 89 89
B89

\v/
88
87 -

86 -

85 -

K Value
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1 3 5 7 ] 1 13 15
Model 1 - Model 2 Model 3

Figure 5. Accuracy comparison

The first classification model indicates that the value k = 15 produces the best performance. 91% is the
highest accuracy achieved using this model. When the accuracy value is compared to another value, k=15
remains superior. Excellent classification is obtained not only on the value k = 5, but also on the values k
= 9. The increase in the value of k has a direct correlation with the accuracy of the model. With an accuracy
of 89.5%, the k = 3 value generates the model's lowest results. 80% of the training data set is obtained by
this model. This increase impacts not only accuracy but also precision, recall, and f1-score values.
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Figure 5 shows that KNN with k = 5 is superior to the other k values in this model in terms of accuracy.
The second model uses more data testing and less data training than the first model. This model's best
accuracy was 91.3%, while its lowest was 84.3%. The performance metrics for the third model, which has
less data training than the prior two models. With an accuracy of 89.7%, k = 1 is the most optimal value of
k. When compared to the prior model, the k value in this model is significantly lower. This implies that
models with large training data must choose the appropriate k value to achieve high accuracy. In contrast
to the third model, which used less training data, the k value required to get the best accuracy requires a
low k value and every time the value of k increases, the accuracy of the third model decreases.

Best performance of each model

Accuracy Precision Recall F1-Score

@ Model1(k=15) @ Model2 (k=5) @ Model3 (K=1)

Figure 6. Best Performance of each model

Based on Figure 6, the three models tested were two that obtained excellent classification, namely the first
model with an accuracy of 91%, precision of 86.6%, recall of 83.8%, and f1-score of 85.2%, and the second
model with an accuracy of 90%. K=1 in the third model gets the best classification performance among the
other k values. But when compared with the first-best model and second-best model, the resulting
performance does not have a very significant difference—only 1.3% compared to the first model and 0.3%
when compared to the second model. A comparison of the error rate for each model can also be seen in
Figure 6.

Mean Absoulte Error Comparison

0,113 0,11 x

~—\g 1 1
0,099 7\ /«\\‘\
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0,05 T T T T T T T K Value
1 3 5 Z Bl 11 13 15

A vodelt Ml model2 Ml Model 3

Figure 7. MAE Comparison

Based on Figure 7, When comparing the error rates of each model, the first model is still the best because
it generates the lowest mean absolute error (0.09) when k =9 and k = 15. At k = 15, the first model in this
study produces the highest accuracy. In the second model, k = 5 not only generates the highest accuracy
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but also the lowest mean absolute error (0.10). The third model, where k = 1, generates the lowest error rate
compared to the others. As value of k Increases in the model, the mean absolute error rate also rises. The
best model generated in this study is the first model, with a value of k = 15.

Based on the findings of this research, which has an approach in classification methods and research objects
in [24] using k-fold as the basis of the model and obtained the highest accuracy of 85.24% with a total of
210 data used. Another study [25] with the same classification method to predict diabetes obtained an
accuracy of 83.15%. This indicates that this study has greater accuracy than some of the other research.

CONCLUSION

This paper uses one of the most popular classification algorithms, KNN. The distance function used is the
Euclidean distance with K values of 1, 3, 5, 7, 9, 11, 13, and 15, which are implemented in the toddler
nutrition examination dataset. The purpose of this research is to analyze the performance of each
classification model and find the best model among the other models tested. Each model is compared while
considering the different performance evaluation metrics such as accuracy, precision, recall, f1-score, and
mean absolute error. The first model, with a k value of 15, has the best model performance. The highest
accuracy obtained is 91%, with the smallest mean absolute error of (0.09).

The performance of each model, in terms of accuracy, precision, recall, etc., is affected by the splitting of
the amount of training data and testing data as well as the value of k used. This study has an assortment of
limitations, including the use of only one distance function, a limited number of k values, and three
classification scenario models. This study provides recommendations for further research to add a distance
function that is used to see the effectiveness of KNN in classifying. The dataset also still has a problem of
imbalance in one of the classes; it is hoped that further research will solve this problem by using the Under-
sampling method or the Over-sampling method. Based on these various explanations, the KNN method is
effective in this case because it obtains a high level of accuracy to classify malnourished toddlers.
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