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Introduction

According to the (World Health Organization et al. 2023) 2%, this study is caused by a lack of nutrients in the uterus and during
pregnancy. Stunting can stop children from reaching full height and make their cognitive abilities develop slower.
Anthropometric measurements such as weight-per-age index (WHZ) or height-for-age (HAZ) are used to identify stunts. The
child's anthropometric standard consists of data on the size, proportions, and composition of the body. This standard is used to
assess the growth trends and nutritional health of children (PMK RI 2020) 4],

Stunting affects approximately 149.2 million children under the age of five worldwide, which is equivalent to a global prevalence
rate of 22%. In Indonesia, the overall stunting rate has fallen from 24.4% in the previous year to 21.6% by 2022. The World
Health Assembly (WHA\) has set a global target to reduce Indonesia's prevalence by 40% by 2025, compared to the level seen
in 2013 (World Health Organization et al. 2023) °, In addition, the Sustainable Development Goals (SDGs) require the total
elimination of all types of malnutrition by 2030. To achieve the goal of reducing the percentage of children under five years of
age suffering from stunting to 22 percent by 2025, greater efforts are needed to address and prevent stunting (Office of the Vice
President of Indonesia 2019) 14,

It is important to identify the basics of childhood stunting, especially in nutrition, health care, and sanitation (Adzim et al. 2023)
(11, Data mining techniques can be used to quickly classify stunting results. Data mining involves extracting valuable insights
from large data sets using machine learning algorithms (Rahman 2023) 161, This method aims to process and evaluate text
automatically (Amna et al. 2023) 2, Classification is an effective data mining technique, such as using an artificial neural
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network (ANN) to categorize data certain
rules(Arbanus Simbolon et al. 2019) B,

Several studies related to the application of classification
methods with the Learning Vector Quantization 3 (LVQ 3)
algorithm have been successfully carried out. According to
(Hadi 2020) [ study of applying the LVQ 3 simulated neural
network method for the classification of learning using
learning rate parameters 0.001, 0.2, 0.3, and 0.4; window
values 0.2 and 0.4, m 0.2; minimum learning rate 0,0001; and
reduction of learning rate 0.01, resulting in the best accuracy
of 100%.%. This shows that the combination of such
parameters is very effective in classifying learning difficulty.
Furthermore, in a (Sagewa 2019) '] study on the comparison
of LVQ 2.1 and LVQ 3 methods for brain tumor cell
classification, it was found that the LVQ3 method obtained
the highest accuracy of 83.3% in tests with a learning rate of
0.7, whereas LVQ 2.1 obtained the most accurate of 75% in
trials with learning rates of 0.001. This suggests that LVQ-3
is superior to LVQ 2.1 in the classification of brain tumor
cells.

A study by (Darmila 2022) [, dealt with Learning Vector
Quantization 1 (LVQ1), which uses reference vectors to
represent classes in datasets. In the meantime, (Adzim et al.
2023) ™M created Learning Vector Quantization 2 (LVQ 2).
This updates two reference vectors at the same time if they
have a distance estimate that is the same as the input data.
This makes the model more adaptable to changes in the data.
(Darmila  2022) 1 also displays Learning Vector

using
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Quantization 3 (LVQ 3), in which the algorithm updates a
group of reference vectors based on the distance with the
entry data, which can involve more than two vectors
depending on the class distribution.

A study conducted by (Setiawan 2023) 118 on a web-based
stunt classification system using the Naive Bayes method
achieved an accuracy rate of 91% using the same data set.
The data set used was as large as 6,500, divided into two
classes, and included seven variables. On the other hand,
research by (Pahlevi and Handrianto 2024) % used the Naive
Bayes-Based Particle Swarm Optimization algorithm to
classify stunting status with a data set of 10,000 records and
the same variables. The results showed an accuracy of
80.69%, with an Area Under the Curve (AUC) of 83.06%.
Based on the results of previous studies, although the results
are good, the researchers will try to improve the performance
of the classification of stunts with different methods.
Therefore, this study will classify stunts based on the newly
obtained anthropometric data using the Learning Vector
Quantization 3 (LVQ 3) method with the same data set as the
previous study.

Materials and Methods

The method used in this research is experimental research,
consisting of (1) data collection, (2) data preprocessing, (3)
modeling, (4) model testing, and (5) evaluation. The research
flow can be seen Fig 1.

Data Collection Data preprocessing: LE:’TH"I?'SE'UW
Literature Review » Data Transformation 5 nng b > Modsl Testing > Evaliaion
Internet Searching Data Normalization uavaz{]a ;

Fig 1: Research Flow

Data Collection

At this stage, data for research is collected using secondary
data. The data used came from stunting news, with a total of
6500 data points obtained from Kaggle
(https://www.kaggle.com/datasets/muhtarom/stunting/data),
accessed at 12:12 AM on March 13, 2024. There are seven

Table 1. Major variables related to the anthropometric data of
infants, sex, age, birth weight, body weight, birth length, and
whether exclusive breastfeeding is applied. Data was
downloaded in CSV format. The Data anthropomethry can be
seen.

Table 1: Data Anthropomethry

Sex | Age | Birth Weight | Birth Length | Body Weight | Body Length | Exlusive Brestfeeding | Stunting
0 F 56 2.9 50 11.0 90.0 Yes No
1 F 20 3.3 49 111 80.5 No No
2 M 4 2.8 48 6.5 63.0 No No
3 F 14 2.0 49 7.0 71.0 Yes No
4 M 32 3.2 49 11.0 88.7 Yes No
6495 | M 53 2.9 49 15.0 96.0 No Yes
6496 | M 9 2.9 50 7.3 62.0 No Yes
6497 | F 20 1.8 48 7.3 73.0 Yes Yes
6498 | M 11 2.9 49 7.7 66.0 No Yes
6499 | F 14 2.9 49 6.5 66.0 No Yes

Data Transformation

Data transformation is an important step in data preparation
before further processing is carried out according to the
model or algorithm to be used. In the context of the LVQ
algorithm, which is based on the principle of allocating input
vectors to classes based on the smallest distance to their
weight vectors, data transformation becomes a crucial stage.
In this study, there are some variables that need to be adjusted

to suit the requirements of the LVQ algorithm. Gender
variables, for example, may have to be converted to binary
representations, such as 0 and 1, to facilitate the processing
process (Harmain et al. 2021) . Similarly, with exclusive
breastfeeding variables and stunting variables that are
originally in string format, they need to be converted to the
correct numerical format. By doing this transformation, the
data will be more ready for use in the modeling and further
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analysis processes. Proper data transformation ensures that
the model or algorithm applied can deliver accurate and
meaningful results (Sholeh et al. 2022) 1],

Data Normalization

Before entering the training phase (learning) in the process of
classifying new stunts based on anthropometric data using the
Learning Vector Quantization 3 (LVQ 3) method, the data is
normalized. The primary purpose of data normalization in
this context is to form data in the position of values with the
same range. In news stunting classification, data
normalization is an important step because anthropometric
variables such as weight, length, and age may have different
value ranges.

The common method used for normalizing data is the min-
max method. This normalization process entails dividing the
difference between each data point and its smallest value by
the difference from the maximum value to the minimum
value of the entire dataset. Thus, every data point will have a
value associated with the same range, thus facilitating the
learning process by the LVQ algorithm 3 (Cahyani et al.
2023) Bl The Formula can be seen (1).
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Xi — Xowi
Anorm =

Xmax — Xmin (1)
Where xnorm is the normalized data value, xi is the value of
the data point i, xmin is the minimum value for the entire
data, and xmax is the maximum value for all data.

Modelling

According to research conducted by (Damanik 2020) ],
learning vector quantization (LVQ) is an architecture of one-
layer feedforward neural networks consisting of input and
output units. Specifically, LVQ 3 is the LVQ method used in
this study. This network architecture consists of two primary
layers: the input layer and the competitive layer. The
competition layer is responsible for automatically learning to
classify the input vector according to its distance. If two input
vectors have close distances, the competing layer will place
them in the same class. This study utilized a network
architecture that adopted the Learning Vector Quantization 3
method, which is an effective approach to classifying new
anthropometric data related to stunts. Fig 2 shows the
network architecture structure used in this study, which
reflects the use of the LVQ 3 method in data analysis and
modeling.
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Fig 2: Architecture Learning Vector Quantization 3

The training data input process involves 7 neurons, each
assigned to process 7 input variables related to the
newspapers' anthropometric data: gender, age, birth weight,
birth length, current weight, current length of body, and
whether exclusive breastfeeding is given. Each neuron
represents a specific data attribute in the context of stunting
classification using the Learning Vector Quantization 3
method. (LVQ 3). When new anthropometric data was
introduced, the Euclidean distance between the data and each
weight vector of the neurons was calculated. The neuron that
has the smallest distance from the data is set as the winning
neuron. This process enables LVVQ 3 to learn adaptively from
data patterns and classify news as stunted or non-stunted
based on the calculated attributes.

During the weight renewal process, the output of the winning
neuron, which may represent either a stunted (f1) or a non-
classification of such data is determined by the winning
neuron: if the winning neuron represents a non-stunted class,
the output is yO; if the victorious neuron represents a stunted
stunted class (f0), is used to determine whether the neuron's
weight needs to be adjusted. Comparing the output from the
winning neuron to actual input data helps LVQ 3 reset its
weights to a more accurate classification. After the weight
renewal, the newly categorized anthropometric data uses the
winning neurons with the weight adjusted. The final class, it
is y1. By using the important features represented by neurons
on the input layer, LVQ 3 makes it easy to sort stunts into
groups based on anthropometric data from the news.
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Fig 3: Training Flowchart

From Fig 3 the learning algorithm for vector quantization 3
has the following steps:

Step 1: The process starts with initializing parameters such as
the learning rate (o), minimum learning rates (min_a),
window (g), and maximum iteration (maxepoch). The main
loop runs during ep < max_ep and o > min_o. This ensures
that training continues until the maximum number of
iterations is reached or the learning level falls below the set
minimum value.

Step 2: During the training process, iteration is carried out
until the maximum number of iterations is reached and the
level of learning is still above the set minimum value.

Step 3: Each data point in the training set is processed
individually. The Euclidean distance between the data point
and all the weights counted. As can be seen in the formula

):

d = VE(w; — x;)? (2)

Step 4: The weight is updated based on the found data class.
If the data class matches the first nearest weight, the weight
is upgraded, taking into account the difference between the
data and the first weight. As can be seen in the formula (3):

Winint = Waing + @(x — Wiying) ©)

If the data class differs from the first nearest weight but is the
same as the second closest weight, and if the distance
comparison meets the window conditions. Can be seen on the
formula (4):

Mmld_ct::i_t:z

dﬂz dCl

) = (1 — &)1 +E)
(4)

Then update the nearest weight, first and second. As can be
seen in the formulas (5) and (6):

Woinint = Wain1 — ﬂ:{x - sz’nl] (5)

Wininz = Wiinz + 'ﬂ:(x - Wﬂu’nz) )

If the data class is equal to the two closest weights, update
them by adding part of the difference between the data and
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each weight, multiplied by the window parameter. See also
in Formulas (7) and (8):

Winint = Wi + E.—][x - Wﬂzinl) )

®)

Step 5: Lower the learning speed. After each iteration

Wininz = Wiz + Eﬂ’{x - sz’nz)

www.allmultidisciplinaryjournal.com

(epoch), decrease the learning speed by multiplying a by
dec_a. As can be seen in the formula (9):

a=axdeca 9)
Step 6: The process is stopped if the maximum number of

iterations is reached or the learning level falls below the set
minimum value.

Input Data x
and W

Separate W and ¢ from
the W input

Calculate the euclidean
distance between x and
each W

Determine the minimum
distance

Return minimum distance

Fig 4: Testing Flowchart

The test phase in the LVVQ algorithm 3, as described in Fig 4,
involves a set of structured steps. The first step is to take the
weight vector W and the class C from the input parameter.
Next, calculate the Euclidean distance between each weight
vector W, and input x using the standard Eucladian distance
formula. After that, perform a search to find the index of the
smallest distance in the array d, which identifies which
weight is closest to the input x. Finally, the class
corresponding to the closest weight is selected and returned
as the result of the x input classification. Through this series
of steps, the LVQ 3 test phase allows the exact determination
of the class based on the weight vector that is closest to the
given input.

Testing Model

At this stage, the Learning Vector Quantization 3 (LVQ 3)
model will be tested based on a series of previous studies. The
test process aims to find the optimal value for each LVQ 3
parameter, which has proven significant in the literature. In a

based on the results of previous studies. Each test scenario is
considered as a parameter for subsequent testing, in
accordance with the methodology that has been tested in
previous studies. Each test scenario is considered as a
parameter for subsequent testing, in accordance with the
methodology that has been tested in previous studies.

Evaluation Model

After obtaining the results of several test scenarios, a stage of
evaluation is carried out to assess the performance of the
model produced. The use of accuracy as the only metric to
assess the performance of the model is considered
inadequate. One common approach used in evaluating the
performance of classification methods is to use a confusion
matrix (Miftahusalam et al. 2023) 4, Therefore, additional
evaluation metrics are needed to gain a deeper understanding
of the performances of a classification model. The confusion
Matrix provides information that compares the results of a
model classification with the actual classification results
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(Putri et al. 2022) [, Model evaluation can also involve the
use of metrics such as precision, recall, F1 score, and
accuracy to evaluate the predictive quality of the
classification algorithm used (Hidayat et al. 2021) ', After
obtaining the result of the confusion matrix, the next step is
to perform weighted averages of evaluation metrics, such as
precision, recall, and F1 scores. The weighted average is a
method for calculating averages in which each value in a data
set is given a corresponding weight, based on how many
samples of each class in the data. This weight is then used to
calculate the mean value of the desired evaluation metric.

For weighted precision, the formula can be seen (10).

Weighted precision
Ny X Presisip + Ny x Presisiy

Ng+N;

(10)

Where NO and N1 represent the sum of samples of class 0 and
class 1 in data, and Precision00Precision0 and Precision0
andprecisionl represent precision for classes 0 and 1.
Similarly, for weighted recall and weighted F1 score, can be
seen the formula (11) and formula (12). Study conducted by
(Aziz et al. 2023) M, ten different scenarios were used to
observe the influence of parameter variation on the accuracy
of classification. The research emphasizes the importance of
setting parameters such as learning rate, learning rate
reduction, minimum learning rate (min alpha), number of
epochs, window size, and data distribution ratio on training.
The tests were conducted gradually, by variing the values of
the LVQ-3 parameter.

Np xrecalln + Ny X recall,
Welghted Kecall =
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Ny x f1 Scorey + Ny x f18c
Ng+ Ny

Weighted f1 score =

(12)

Here, recall0 and recalll represent recall for grade 0 and
grade 1, whereas F1 score0 and F1 scorl represent F1 scores
for class 0 and class 1.

Results

The initial step was to search for journals related to stunting
cases, either using the Learning Vector Quantization 3 (LVQ
3) method or previous research using the same dataset. This
data was obtained from the Kaggle account owned by
Muhtarom Ahkam. The data is an anthropometric
measurement carried out in 2023. We used data on the age
group 0-60 months. There are two classes: stunting and
normal. According to the book "Data Mining" by (Amna et
al. 2023) [, the stages of the knowledge discovery process in
the database include data selection, pre-processing,
transformation, data mining, pattern evaluation, and
knowledge presentation. The study uses the KDD process,
namely transformation and normalization.

In this study, a transformation process is carried out. This
phase modifies the data to match the model or algorithm
intended to be used in the data processing phase. At this stage
of transformation, the "sex" variable with the value "L" is
represented as a number of 0, while the value of "P" is
presented as a number of 1. Furthermore, for the variable
"Exclusive Breastfeeding," the "Yes" value is shown as a
figure of 1, whereas the "No™ value represents a digit of 0.
Similarly, for the class "Stunting”, the 'Yes' value is
represented as a number of 1, and the "No" value as a value
of

0. This transformation is necessary to enable the LVQ
algorithm to operate on data effectively, as most machine

Nog+ N, (11) learning algorithms require numerical input. The results of
the data transformation can be seen in Table 2.
Table 2: Data Transformation
Sex | Age | Birth Weight | Birth Length | Body Weight | Body Length | Exclusive Breastfeeding | Stunting
0 1 56 2.9 50 11.0 90.0 1 0
1 1 20 3.3 49 11.1 80.5 0 0
2 0 4 2.8 48 6.5 63.0 0 0
3 1 14 2.0 49 7.0 71.0 1 0
4 0 32 3.2 49 11.0 88.7 1 0
6495 | 0 53 2.9 49 15.0 96.0 0 1
6496 | O 9 2.9 50 7.3 62.0 0 1
6497 | 1 20 1.8 48 7.3 73.0 1 1
6498 | O 11 2.9 49 7.7 66.0 0 1
6499 | 1 14 2.9 49 6.5 66.0 0 1

The next step is to normalize the data values using the min-
max method. Normalization is necessary because the initial
data has different ranges, so in order to ensure that the
calculation of the distance in modeling is more accurate,
adjustment needs to be performed. In the min-mmax method,
the range used for normalizing the data is from O to 1. The

objective of normalizing data in a data set is to standardize
the values so that they are in similar ranges. Changes that
occur during the normalization process do not alter the
information contained in the data. The results of this data
normalization can be seen in Table 3.
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Table 3: Data Normalization
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Sex Age Birth Weight | Birth Length | Body Weight | Body Length | Exclusive Breastfeeding | Stunt Ing
0 1.0 | 0.948276 0.500000 0.727273 0.375000 0.637931 1.0 0
1 1.0 | 0.327586 0.681818 0.636364 0.379630 0.474138 0.0 0
2 0.0 | 0.051724 0.454545 0.545455 0.166667 0.172414 0.0 0
3 1.0 | 0.224138 0.090909 0.636364 0.189815 0.310345 1.0 0
4 0.0 | 0.534483 0.636364 0.636364 0.375000 0.615517 1.0 0
6495 | 0.0 | 0.896552 0.500000 0.636364 0.560185 0.741379 0.0 1
6496 | 0.0 | 0.137931 0.500000 0.727273 0.203704 0.155172 0.0 1
6497 | 1.0 | 0.327586 0.000000 0.545455 0.203704 0.344828 1.0 1
6498 | 0.0 | 0.172414 0.500000 0.636364 0.222222 0.224138 0.0 1
6499 | 1.0 | 0.224138 0.500000 0.636364 0.166667 0.224138 0.0 1

The next stage is testing to explain the results of the Learning
Vector Quantization 3 method in the classification of stunting
cases based on anthropometric data. Data testing is performed
gradually using various variable values on each LVQ 3
parameter, ranging from the learning level test stage, learning
level reduction test, minimum learning level testing,
maximum iteration test, window testing, and ratio testing.
The best or optimal value of a parameter test scenario will be
used as the next test parameter.

The learning level test is performed with learning level
variation, learning rate reduction, maximum iteration,
minimum learning rate, window, and ratio to find the optimal
value. The test process starts with the initial learning level
parameter dec_a = 0.1, the ratio 70:30, 10 iterations, min_o=
0.00000001, and window 0.5. Tested values for learning
levelsare 0.1, 0.2,0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, and 1.
Choosing a suitable starting value is important as it can
significantly affect the test results. If the initial value is too
low, then the model may not learn effectively, while if too
high, it may cause convergence or overfitting problems.
Therefore, start with a commonly used value. The test results
showed the highest accuracy of 0.72 in the range of 0.1-0.6.
However, the precision for the range 0.7 reached 0.4892, for
the radius 0.8 reached 0.5107, for the area 0.9 reached 0,5107,
and for the value 1, obtained a precision of 0,4892. This
information is checked in Fig 5.

Learning Rate Testing
0.70
065 -
g 0.60 -
055
050
T T T T T - T T T T
01 02 03 04 05 06 07 OB 0% 1D
Leaming Rate

Fig 5: Learning Rate Testing

The learning reduction test is performed to obtain optimal
analysis results by applying the same initial parameters as the
learning level test. At the same time, for a = 0.1, one value
will be selected based on the best accuracy obtained from the
test results. Dec_a will vary from 0.01, 0.1, 0.2, 0.3, 0.4, 0.5,
0.6, 0.7, 0.8, and 0.9 to 1. The learning reduction test yields
an accuracy of 0.72 for all dec_o values. Based on the results

of the stable learning decrease process, which can be seen in
Fig 6.

Learning Rate Reducticn Testing
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Fig 6: Learning Rate Reduction Testing

Next, the test with the minimum learning level (o) will use
the optimal parameters o = 0,1, and dec_a = 0,1. Other
parameters will have the same values as the previous test. For
this test, the range of minimum learning levels (Min o) used
is 0.1, 0.05, 0.01, 0.005, 0.001, 0,0001, 0.00001, 0.00000001,
and 0.0000000001. The accuracy result obtained is the same,
i.e., 0.72, except for the value 0.1, which has a precision of
0.4912. It can be seen in Fig 7.

Minimal Learning Rate Testing
i

0.70 -

0.65 -
g
Ellﬁl.'l'

0.55 -

0.50 -

107 1077 102 10 10t
Min_m

Fig 7: Minimal Learning Rate Testing
Iterative testing uses parameters that support optimum

accuracy: oo = 0.1, dec_o = 0.1, and min_a = 0.01. Iteration
testing aims to determine the maximum impact of iteration on
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the accuracy result. The other parameters' values are the same
as in the initial test. The maximum range of iteration
variations tested included 2, 5, 10, 15, 20, 30, 40, 50, 60, 70,

Epoch Testing

0.75 1

0.74 4
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0.2 1 —t—ah—r— vty

Pocuracy

0.71 4
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0E9

T T T

i g 1? 10°
Mex_epoch

Fig 8: Epoch Testing

The window value determines how much difference between
the two closest weight vectors will be updated when there is
a data classification. Testing with window parameters, where
a=0,1,dec_a=0,1, min_a= 0,01, epoch = 1000, and in a
ratio of 70:10, while using window values of 0,1, 0,2, 0,3,
04,0,5,0,6,0,7,0,8, 0,9, and 1, yields the highest accuracy
of 0,7251 in the range of 0,3-1, and for the ranges of 0,1 and
0,2, the accurate value is 0,72. It can be seen in Fig 9.
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Fig 10: Ratio Testing

Based on the parameter test's results, the next step is to
perform the test by combining the learning rate and window
parameter values. In this study, the data is divided into four
different ratios. The total data used is 6,500 recordings, and
the best parameters in each test scenario are determined. This
data separation process is important to ensure an accurate and
objective evaluation of the model developed. The best
parameters are determined based on the results of previous
parameter tests. The results of LVQ 3 algorithm tests show
the best performance in each scenario, as recorded in Table
4.

Table 4: Research Skenario

Window Testing
0.725 -
0.724
g 0.723 -
E 0.722 -
0721 -
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Fig 9: Window Testing

Tests with ratio parameters are performed using optimum
parameters that support accuracy, i.e., o = 0.1, dec_a = 0,1,
min_a = 0.01, epoch = 1000, and window values of 0.5. This
ratio test is intended to observe the influence of the
percentage change in the amount of training data on accuracy.
Test results with the ratios 90:10, 80:10, 70:10, and 60:40
show the highest accuration of 0.72 for the 70:10 ratio. For
the 60:40 ratio, the accuracy reaches 0.7169, the 80:20 ratio
reaches 0,7161, and the 90:10 ratio obtains the exactness of
0.7076. This information is presented in Fig 10.

Ratio Learning rate (a) Window (g) Accuracy
90:10 0.2 0.5 0.72
80:20 0.2 0.5 0.7307
70:30 0.2 0.5 0.7420
60:40 0.2 0.5 0.7346

Table 4 displays the test results after combining several
learning rate and window parameter values. The learning rate
parameter value used ranges from 0.1 to 0.6, while the
window parameter values range from 0.3 to 1. For other
parameters, the learning rate decrease is set to 0.1, the
minimum learning rate is 0.1, and the epoch value is set to
1000.

Result Evaluation Model

In classifying stunts based on newspapers' anthropometric
data using the LVQ3 method, the model evaluation was
performed using several metrics, namely precision score,
recall score, accuracy score, and F1 score.

The precision score measures how accurately a model
classifies a positive class, with a score of 0.7456. This means
that about 74.56% of predictions classified as stunts are really
stunts. Meanwhile, the recall score shows how well a model
can identify all instances that actually belong to the positive
class, with a rating of 0.7421. The model is able to identify
about 74,21% of all news that actually has been stunted.
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The results of the model evaluation in the stunting
classification of news based on anthropometric data show
that the model is able to identify accurately. Of the total
predictions, 809 true newsmen experienced stunting, and 638
newsmen who did not experience Stunting were correctly
classified. However, there were 316 cases of models
classifying newsmen that did not actually have stunting, and
187 newsmen that should have been classified as stunting but
were not detected by the model. The result of the matrix
confusion can be seen in Fig 11.

Confusion Matrix
&0

o

Not Shuniting

~ 500

Wue Label

-400

Stunting

- 300

Not S;.nﬁnn Stunting
Predicted Label

Fig 11: Confusion Matriks

Discussion

Based on the test results carried out with a total of 163
scenarios, it can be concluded that the combination of
learning rate and window parameters has a significant
influence on the accuracy of the classification model.
Depending on the data division ratio, using different
combinations of parameters can result in different accuracy.
For every ratio and parameter combination, this optimal
result does not always occur. Then, at a ratio of 60:40 with a
learning rate of 0.1, the best combination is with a window
value of 0.4 and 0.5, each of which yields an accuracy of
0.7230. On the other hand, at the 60:40 ratio with a learning
rate of 0,3, the highest accuracy is obtained with a value of
0.4, reaching 0.7011. It shows that there is no one
combination of parameters that is optimal for all scenarios.
For the 70:30 ratio, the highest accuracy is achieved with a
learning rate of 0.2 and a window value of 0.5, which is
0.7420. This shows that the parameters with a medium
learning rate and a fairly large window yield the best model
performance in this ratio. At the 0.1 learning rate, the
maximum accuracy is obtained with the 0.4 and 0.5 window
values, reaching 0.7256. Whereas at the 0.3 and 0.5 learning
rates, the best window values are 0.1 and 0.2 with a precision
of 0.72. For the 80:20 ratio, the best results were obtained
with a learning rate of 0.2 and a window value of 0.5, with an
accuracy of 0.7307. At the learning rate of 0.1, the highest
accuracies were achieved with window values of 0.4 and 0.5,
which is 0.7192.

Meanwhile, for a 90:10 ratio, the highest accuracy is obtained
with a learning rate of 0.2 and a window value of 0.5, equal
to 0.72. For a learning ratio of 0.1, the best window value is
0.2 with an accuracy of 0.7123.
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Conclusion

Based on the results of testing and evaluation of the Learning
Vector Quantization 3 (LVQ3) method, some conclusions
can be drawn. The optimal learning rate parameters were
found in the range of 0.1-0.6, while reducing the learning rate
and using the minimum learning level also resulted in a stable
accuracy of 0.72. Tests with a range of iterations from 2 to
1000 also showed stable precision. Further, using window
values in the range of 0.3-1 yields the highest accuracy of
0.7251. In four different ratios, the LVQ3 method showed the
best performance, with a learning rate of 0.2 and a window
value of 0.5. The learning rate and window values play an
important role in the performance of the Learning Vector
Quantization 3 model (LVQ3). Low learning rate values tend
to deliver better results in optimizing model performance,
especially when combined with higher window values. On
the other hand, a higher window value tends to yield better
results at a lower learning rate. However, at a higher learning
rate, a lower window value has a tendency to deliver more
stable accuracy, although it does not always yield the best
results. In tests with four different ratios, a combination of a
learning rate value of 0.2 and a window within a range of 0.5
achieved the highest accuracy of 0.7420 with a 70:30 ratio.
Although the results of this study are quite good, it should be
noted that there is a lack of variation in the data and the
common use of variables. A more detailed parameter
exploration is then required to select the value that best
matches the conditions of the data set used.
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