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Abstract. Hypertension is a disease caused by increased blood pressure above 140/90 mmHg and is often
referred to as "the silent killer" because most sufferers do not realize that they have hypertension, and only
realize when complications have occurred. Hypertension is one of the main causes of death worldwide which
can be influenced by many factors. In UPT (Integrated Service Unit) PUSKESMAS (Community Health
Center) Modopuro, Mojokerto Regency, hypertension is ranked among the top 10 diseases with the most
patients. With a fairly high risk of death and an increase in the number of people with hypertension, it is
often caused by delays in diagnosis, which must be carried out blood pressure checks by medical personnel
at least 2 times with 1 week to establish a diagnosis of hypertension. If hypertension is not treated
immediately, it can cause other health conditions such as kidney disease, heart disease, and stroke.
Therefore, a system is needed that can be used for the classification of early detection of whether a person
has hypertension or not. To overcome these problems, a system was created to classify hypertension using
the Backpropagation method. Backpropagation is very effective in helping artificial neural networks learn
from mistakes, allowing the system to make more accurate predictions over time. Dataset used in this study
is the medical record data of UPT Puskesmas Modopuro patients with 1000 data. The results obtained the
best model with a network structure of 7-5-1, learning rate 0.001, and Adam optimizer. With an accuracy of
93.50% and a loss value of 0.0697. While the precision, recall, and fl-score values are 94.00%, 93.00%,
and 93.00%, respectively. With good accuracy performance, indicating that the backpropagation model can
be applied in hypertension classification.

1 Introduction

Hypertension is one of the main factors of many deaths
in the world. According to WHO (World Health
Organization) in 2015, stated that approximately 1.13
billion people around the world experience
hypertension, in the sense that as many as 1/3 of people
in the world are diagnosed with hypertension. Every
year the number of people with hypertension continues
to grow, it can even be estimated that later in 2025,
people who experience hypertension will increase to 1.5
billion, and in each year it is estimated that as many as
9.4 million people die due to hypertension and its
complications [1].

The problem of hypertension is always increasing. In
2018, according to the results of Riskesdas (Basic
Health Research), the prevalence of hypertensive
patients was 34.1% of the total population of Indonesia
[2]. Based on the data, the prevalence of hypertension
from 2013 to 2018 in East Java Province has increased
quite high, which previously in 2007 to 2013
experienced a decrease. [3]. In Mojokerto Regency
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itself, hypertension is ranked among the top ten diseases
in Mojokerto Regency, especially in UPT Puskesmas
Modopuro, Mojosari District, Mojokerto Regency [4].

Hypertension is closely related to a patient's blood
pressure. Early detection of hypertension is carried out
by checking blood pressure by medical personnel at
least 2 times with a distance of 1 week to establish a
diagnosis of hypertension. [5]. This will certainly
require a lot of time, material, and energy. On the other
hand, the increase in the number of people with
hypertension is often caused by delays in the diagnosis
of the disease. Therefore, a low-cost classification
system is needed that is able to provide a quick diagnosis
in determining whether someone has hypertension or
not.

To get an accurate classification, several methods
can be used. Among them is classification using the
Backpropagation algorithm. Classification using the
Backpropagation Artificial Neural Network has been
carried out in many studies. As in the research to
diagnose hypertension for the sustainability of public
health into 4 classes including normal, high, stage 1
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hypertension, and stage 2 hypertension. In this study,
303 data were used with 9 features including age, DxTx
(Glucose), FC (Heart Frequency / Pulse), FR
(Respiratory ~ Frequency), temperature, systolic,
diastolic, smoking, and BMI. And obtained quite high
accuracy results of 90%. [6]. Furthermore, other
research compared the J48, Naive Bayes, SVM and
Backpropagation Neural Network methods in a
classification system. The research results show that the
Backpropagation Neural Network is superior to other
methods used in this research. In his research, the
classification of Diabetes was carried out with the
accuracy results obtained for the SVM of 81.69%, J48
of 78.26%, Naive Bayes of 78.97% and finally
Backpropagation Neural Network method obtained an
accuracy of 83.11% [7].

In another study, the application of the
Backpropagation method in the classification of
diabetes mellitus disease using a case study on the
dataset in Pima, India. In this study, the highest accuracy
result was 96.35% [8]. In other cases, the
Backpropagation method is also used in classifying
breast cancer. A dataset of 569 breast cancer patients
was used. The results obtained in this research are
accuracy of 96.929% with an error of 3.071% with a
combination of training parameters with epoch 1000,
learning rate 0.01, target 0.001, and hidden layer 5 [9].
Furthermore, the research analyzes the wuse of
Backpropagation Neural Networks to predict heart
disease. In this study, using a dataset of 166 using an
architecture of 13 input screens, 8-5-2 for the hidden
layer and 1 for the output layer, the best accuracy was
obtained at 92% [10].

This research proposes a Backpropagation Artificial
Neural Network method that works like the human
brain. Backpropagation is very effective in helping
artificial neural networks learn from mistakes, allowing
the system to make more accurate predictions over time.
Backpropagation can adapt and learn from the input data
generated so that it can map the relationship between
input and output. In addition, Backpropagation Artificial
Neural Networks can predict outputs based on pre-
trained inputs. [10].

In the above research, it is known that the use of the
Backpropagation Artificial Neural Network method gets
better results than the use of other methods, as
mentioned above. And it is known that the addition of
momentum can speed up the iteration process, so the
training process becomes faster due to jumps
approaching the position being sought. [10]. In some
studi it is also explained that the use of the
Backpropagation algorithm has several advantages,
including being able to overcome problems in training
classification models with a wide ratio of data used and
strong against missing data [8]. Therefore, the
application of the Backpropagation Artificial Neural
Network method algorithm is carried out. The goal is to
classify patients suffering from hypertension or not in
the Mojokerto area, East Java.

From several studies described above, the main
contribution of this research is to apply the
backpropagation model in classifying hypertension in

patients at the Modopuro health center. So that patients
who have symptoms of hypertension can be treated
immediately before potentially developing other
diseases.

2 Methods

This chapter will explain the meaning of hypertension,
the use of the Backpropagatian method, k-vold cross
validation and evaluation using the confusion matrix.

In Fig. 1, the system flow for carrying out the
classification process from data input to evaluation is
shown. In the first process, hypertension data was
obtained from the UPT of the Modopuro Community
Health Center, Mojokerto. Next, the data preprocessing
stage is carried out, where data cleaning is carried out
and data transformation.
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Fig. 1. System Flow.

After that, the data is divided into training data and
testing data. Training Data divided using K-Fold Cross
Validation, the goal is to validate the training data to
obtain the best fold model. Next, modeling is carried out
using the Backpropagation algorithm. Then the model is
tested using testing data. The next evaluation is carried
out using the Confusion Matrix. The output is in the
form of classification results using Backpropagation.

2.1 Hypertension

Based on the definition of the World Health
Organization (WHO) hypertension (High Blood
Pressure) is a condition where there is an increase in
systolic blood pressure > 140 mmHg or diastolic > 90
mmHg. Hypertension is commonly called "the silent
killer", because most sufferers do not realize they have
hypertension, and only realize when complications have
occurred. And it is known that of people with
hypertension, only one-third or 36.8% of people with
hypertension are diagnosed by medical personnel and
about only 0.7% take medication. [11].

2.2 Classification
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Classification is the grouping of similar things and the
separation of dissimilar things to group objects
according to their reference parameters. Classification
can also be defined as the clear division of an object or
concept into classes based on the general similarities of
the object and the things that distinguish it. In short,
classification is the grouping of objects based on the
same characteristics or reference parameters based on
certain functions or rules. The model is a mathematical
rule or formula [12].

2.3 Data precosessing

Data preprocessing is the stage of processing initial data
into a data model that is easy to understand before
further use. The purpose of data preprocessing is to
correct if there are errors in the raw data. In data
preprocessing there is a data validation process that aims
to measure the level of data completeness.

2.4 K-Fold cross validation

Cross Validation, also known as cross validation, is a
model validation technique that is useful for evaluating
how the results of statistical analysis are generalized to
an independent data set. K-Fold Cross Validation is used
to measure the performance of the algorithm more
generally by dividing the dataset into training data and
testing data. This can help identify whether the model
has a good level of accuracy, as well as help avoid
overfitting or underfitting. A larger k value indicates a
smaller bias. One of the cross-validation methods is k-
fold cross validation. [13].

2.5 Artificial neural network

An Artificial Neural Network (ANN) is an algorithm
designed to replicate the functionality of human neural
networks. Like the human brain, an ANN is made up of
numerous interconnected neurons that transmit signals
[14]. In a human nerve cell, the soma (cell body) serves
as the central point for receiving and integrating nerve
impulses. Dendrites are responsible for gathering
incoming messages to be sent to the soma (input and
processing), while the axon (neurite) transmits the nerve
impulses to other nerve cells (output).

2.6 Backpropagation algorithm

The standard structure of the Backpropagation
algorithm includes three layers: the input layer, where
data is introduced; the hidden layer, where data is
processed; and the output layer, which produces the
results based on the processed data [10]. The following
is the architecture of Backpropagation in the
classification of hypertension.

The artificial neural network architecture in this
study uses 7 input neurons adjusted to the number of
attributes in the data, then in the hidden layer using
several trials starting from 5-25 neurons and one output
class. This can be seen in Fig. 2

Onstput Laver

Fig. 2. Backpropagation architecture.

In Fig. 2, there are 2 processes in the
Backpropagation algorithm, namely:
1. Training Process

This process aims to recognize data patterns. In this
process, it is possible to define iterations in forward
propagation and backward propagation, with the aim of
obtaining trained weights and biases. The output error in
the Backpropagation algorithm serves to change the
weight value in backward propagation. To obtain the
error value, it must first work on the forward
propagation stage.
2. Testing Process

This process is the process that is done on the testing
data. At this stage, only the forward propagation process
is carried out.

Some of the steps carried out in this research in the
forward propagation and backward propagation of the
Backpropagation algorithm will be described as follows.

2.6.1 Backpropagation forward propagation stage

1. Set the parameters used such as the number of input
layer neurons, hidden layer neurons, output layer
neurons, number of iterations, learning rate, and
error limit.

2. Random weight initialization

3. Each input neuron (X, X, ..,X;) where i is the
number of input neurons. Each input neuron gets a
weight wj; and goes to each hidden layer neuron.

4. Each hidden neuron (Y, Yy, ...,Y; ) where j is the
number of hidden neurons.

5. Implementing a sigmoid activation function to
calculate the output signal.

6. Each output signal in the hidden layer is calculated
by the weights connecting the hidden to the output
layer neurons. (0y) where k is the number of output
neurons

7. Implementing the activation function to calculate the
output signal.
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2.6.2 Backpropagation backward propagation
stage

In the backward propagation stage, the process of
updating the weights that connect the output layer and
hidden layer is carried out. And also update the weights
that connect the hidden layer and input layer. Below are
the steps in the backward propagation stage.

8. Each output layer ( Oy, Oy, ..., Ox) where k is the
number of output neurons. Obtaining the target
pattern from the input

9. Then calculate the weight correction / delta weight
between the hidden layer and output layer (wyjy).

10. Each hidden layer sums the input deltas (from each
unit in the layer above it)

11. Then calculate the weight correction / delta weight
between the hidden layer and the input layer

12. Each outer layer neuron The bias and weights are
changed

13. Each outer layer neuron The bias and weights are
changed

14. Each output is compared with the target pattern
t_kdata , to get the overall

15.1If the iteration reaches the error limit or meet the
maximum epoch limit then the process will stop.

In the Forward Propagation Stage, after obtaining
the output activation results on the output layer, the
Hypertension data has 2 classes, namely class 0 (no) and
class 1 (yes). Therefore, to determine the results of the
output classification if it does not reach the yes/no class,
the Threshold parameter is given as equation (1) [15] :

If 0k < O.S,then Ok =0
If > 0,05 then 0, = 1

O

Describes:

Oy = Result of output activation in the kth output layer

In the model training process, an optimizer is used to
optimize or minimize the loss function in the model by
updating the weights and biases based on the gradient of
the loss function. The loss function is used to measure
the extent to which the prediction model approaches the
actual value.

Learning rate is one of the parameters in the process
training. Its function is to calculate the weight correction
value during the training process. When the learning rate
value is higher, the training process will be faster. The
learning rate parameter ranges from 0 to 1. Learning rate
value which determines how important the latest
information is compared to previous information during
the learning process.

The activation function is a useful function in
activating or not a neuron in an Artificial Neural
Network. There are several activation functions, namely
sigmoid, tanh, linear, relu, gaussian, and others.

2.7 Confusion matrix evaluation

Confusion Matrix is a performance measurement for
machine learning which will produce 2 classes or more
[16, 17]. Confusion matrix is an important performance

evaluation tool in data mining classification, providing
a comprehensive overview of the model's prediction
results. In this matrix, the main elements include True
Positive (TP), True Negative (TN), False Positive (FP),
and False Negative (FN).

Confusion Matrix can also be interpreted as a table
with 4 combinations with predicted value results and
actual value results. The 4 values that are the reference
for the Confusion Matrix are True Positive, True
Negative, False Positive and False Negative. The
confusion matrix can be seen in Table 1 below [18, 19].

Table 1. Confusion matrix test.

Actual Class
Positive Negative

[
v “2 e o
2 = TP (True Positive) FP (False Positive)
O £
=
.2
S
3 |2
& = FN (False Negative) TN (True Negative)

o

=

The formula for accuracy is as follows:
1. Accuracy:

A ~ TP + TN o
Uy = TP ¥ TN + FP + FN

2. Precision:

Precision = l X 100% ®
TP + FP

3. Recall:

Recall x100% @

= TN+FN

4. The Fl-measure is the harmonic mean of precision
and recall, with a range from 0 to 1:

Recall X Precision

F — measure = 2x x100% ©

Recall + Precision

Describes :

TP (True Positive): Total positive cases classified as
positive

FP (False Positive): Total negative cases classified as
positive

TN (True Negative): Total negative cases classified as
negative

FN (False Negative): Total positive cases classified as
negative

3 Result and discussion

3.1 Data collection

In this research, the data used is data from the Modopuro
Community Health Center UPT, Mojosari District,
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Mojokerto Regency, East Java Province. With a period
of 5 months, namely May — September 2022 with a total
of 500 data for Hypertension and 500 data for non-
hypertension. In total, the amount of data used is 1000
data. Then choose the parameters to be used as input
data and n as target data. The following is an example of
a sample of hypertension data from the Modopuro
Community Health Center UPT, Mojokerto.

3.2 Preprocessing stage

The next stage in this research is preprocessing
hypertension data. This stage is used to process initial
data into a data model that is easy to understand before
further use. Several preprocessing stages are as follows:

3.2.1 Data cleaning

In this section, we clean datasets that have no relevance
to risk factors for hypertension, such as deleting
unnecessary units. Data cleansing helps in identifying
and correcting errors that arise while processing data
from multiple sources. By removing inconsistencies and
inaccuracies, data cleansing can ensure that a data set is
reliable. The advantages and benefits of data cleansing
are Having clean data will ultimately increase overall
productivity and enable high-quality information in your
decision making.

3.2.2 Data transformation

Data transformation is the process of modifying data to
suit a specific purpose or context. This can involve tasks
such as cleansing, standardization, or aggregation, all of
which aim to improve the quality and usability of the
data for more accurate analysis.

This section there is a process of changing the data
to in the form or format that will be processed by the
system, with the aim of making it easier to manage the
data. Such as handling categorical data in the gender
column using one-hot encoding, and min-max
normalization to change numerical data into a range of
zero to one [0-1] and transformation of the hypertension
label YES/NO to 1/0.

3.2.3 Backpropagation classification

This stage is carried out by learning a classification
model, namely grouping hypertension disease data
based on existing labels, namely classes yes
hypertension and no hypertension. Based on the
implementation of the Backpropagation classification
stage, the output in the form of a confusion matrix on
the test data is produced as follows.

Based on the Fig. 3 confusion matrix in the image
above, it shows that the total testing data used is 200.
From the image above, the confusion matrix values are
produced, TP=90, FP=5, TN=97, and FN=8. So based
on these results, the accuracy value is obtained using the
following (2):

90 + 97

Oh LE Lo07 L o 0 = 0
90+5+97+8 X 100% = 93.50%

Accuracy =

The accuracy obtained was 93.50%.

20

Negatif
]

&0

Positif
1

o 1

Megartif Pasitif

Fig. 3. Confusion matrix.

3.3 Test results

In this research, several trials were carried out to classify
hypertension disease data using the Backpropagation
Neural Network method. The first test scenario is a
learning rate test with the previous parameters and the
Adam optimizer. Next, for the second test, namely the
number of epoch test, where the parameters used for the
test are the best parameters obtained in the previous test
scenario.

The third is the activation function trial, where the
parameters used for testing are the parameters obtained
in the previous trial. The use of the right activation
function greatly affects the performance of
backpropagation in increasing accuracy values.
Likewise with the learning rate value which determines
how important the latest information is compared to
previous information during the learning process.

And the fourth, namely testing number of hidden
layer neurons, is also same as previous trial, namely
using the best parameters obtained from the first, second
and third trials.

3.3.1 Scenario 1 trial results

In the first trial scenario, learning rate trials were carried
out, namely 0.1, 0.01, 0.001. Testing was carried out
using predetermined initial parameters, namely hidden
layer neurons of 5, epoch 200, sigmoid activation
function, and using Adam optimizer. The following are
the results of trial scenario 1:

Table 2. Test Results for Scenario 1.

Learning Loss Accuracy Precision Recall Fl- Time
Rate (%) (%) (%) Score (s)
0.1 0.0612 92.5 93 92 92 130964
0.01 0.0613 92 92 92 92 103.603
0.001 0.697 93.5 94 93 93 149292
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From the Table 2 above it is known that the highest
accuracy was obtained in trials using a learning rate of
0.001. The accuracy results obtained were 93.50%, with
a loss value of 0.0697, while the precision, recall and f1-
score values were 94.00%, 93.00% and 93.00%
respectively with a computing time of 149,292s. The
learning rate value used affects the accuracy results.

Learning rate is one of the training parameters to
calculate the weight correction value during the training
process. The learning rate value is in the range of zero
(0) to (1). The greater the learning rate value, the faster
the training process will run. The greater the learning
rate, the less accurate the network will be, but vice versa,
if the learning rate is smaller, the greater the accuracy of
the network will be or increase with the consequence
that the training process will take longer.

In the Adam optimizer, the best learning rate is 0.001
which is the default learning rate of the Adam optimizer
itself. The following is a comparison picture of
accuracy, precision, recall, and fl-score obtained from
each learning rate.

3.3.2 Scenario 2 trial results

In the second test scenario, epoch trials were carried out,
namely 150, 200, 250, 300, and 350. Testing was carried
out using predetermined initial parameters, namely
hidden layer neurons of 5, sigmoid activation function,
Adam optimizer and using parameters The best obtained
from the first trial was a learning rate of 0.001. The
following are the results of trial scenario 2:

Table 3. Test Results for Scenario 2.

Epoch Loss Accuracy Precision Recall Fl1- Time (s)
(%) (%) (%) Score

150 0.0889 93.5 93 94 93 59803
200 0.0697 93.5 94 93 93 149292
214.259

250 0.656 93 93 93 93 3
300 0.608 93 93 93 93 186.159
350 0.0584 93 93 93 93 288.992

From the Table 3 above it is known that the highest
accuracy was obtained in trials using epoch 200.
Accuracy results were obtained, namely 93.50%, with a
loss value of 0.0697, while the precision, recall and f1-
score values were 94.00%, 93.00% and 93.00
respectively. % With computing time of 149,292s.

Larger batch sizes result in faster progress in
training, but do not always converge as quickly. Smaller
batch sizes train more slowly, but can converge faster.
This obviously depends on the problem. In general,
models improve with more training periods, up to a
certain point. The accuracy will start to decrease when
it meets.

3.3.3 Scenario 3 trial results

In the third test scenario, namely testing the activation
function namely Sigmoid, RELU (Rectifier Linear
Unit), and TANH (Hyperbolic Tangent Function).
Testing of this activation function is carried out in
combination, where the sigmoid activation function is
used as the output activation function, while the hidden
activation function uses trials as mentioned above. The
use of the sigmoid activation function as the activation
function in the output is because the output in this study
has a value of 0/1 and the output of the sigmoid ranges
from 0-1. Which uses a threshold of 0.5, where if the
output is more than 0.5 then it is predicted to be in class
1 (yes hypertension) and if the output is less than 0.5
then it is predicted to be in class 0 (no hypertension).
Meanwhile, RELU has a range between -1 to 1 and
TANH has a range from 0 to infinity.

Testing was carried out using predetermined initial
parameters, namely hidden layer neurons of 5, Adam
optimizer, and using parameters The best obtained in the
first and second trials previously, namely learning rate
0.001, and epoch 200. The following are the results of
trial scenario 3:

Table 4. Test Results for Scenario 3.

Activation Loss Accuracy Precision Recall Fl1- Time (s)
function (%) (%) (%) Score
Sigmoid +
g . 0.0697 93.5 94 93 93 149.292
Sigmoid
RELU +
0.0574 93 93 93 93 100.754
Sigmoid
TANH +
0.574 92.5 93 92 92 131278
Sigmoid

From the table 4 above it is known that the highest
accuracy was obtained in trials by applying the sigmoid
activation function to the hidden layer and sigmoid to
the output layer. Activation functions help in better
training, learning processes, and better generalization
capabilities. This function controls the activation of each
unit in the layer by working on the weights and the
amount of bias. Several types of activation functions
that will be used as trials in this study include Sigmoid,
ReLu, Tanh. The accuracy results obtained were
93.50%, with a loss value of 0.0697, while the precision,
recall and fl-score values were 94.00%, 93.00% and
93.00% respectively with a computing time of 149,292s.

3.3.4 Scenario 4 trial results

In the fourth test scenario, namely testing hidden
layer neurons, namely 5, 10, 15, 20 and 25. Testing was
carried out using the Adam optimizer and the best
parameters that had been obtained in the first, second
and third previous trials, namely learning rate 0.001,
epoch 200, and sigmoid + sigmoid activation function.
The following are the results of trial scenario 4:
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Table 5. Test Results for Scenario 2.

Neuron Loss Accuracy Precision Recall Fl- Time (s)

Hidden (%) (%) (%) Score
5 0.0697 93.5 94 93 93 149292
10 0.0633 93.5 94 93 93 148.596
15 0.0606 93 93 93 93 96.433
20 0.0590 93 93 93 93 94.362
25 0.0583 93 93 93 93 147.516

From the Table 5 above it is known that the highest
accuracy was obtained in trials using hidden 5 neurons.
The accuracy results were 93.50%, with a loss value of
0.0697, while the precision, recall and fl-score values
were 94.00%, 93.00% and 93.00% with computing time
0f 149,292s.

In several test scenarios that have been carried out
above, it is known that parameter selection influences
the accuracy results. In Table 5, from the trials that have
been carried out, it is known that the accuracy results
using hidden 5 neurons obtained the highest accuracy
value of 93.50%, the precision, recall and fl-score
values respectively were 94.00%, 93.00% and 93.00%
with a computing time of 149.292s. And the number of
hidden layer neurons influences the loss value obtained,
where the more hidden layer neurons, the smaller the
loss value obtained.

Recent research and empirical evidence suggest that
using the same number of neurons in all hidden layers
often yields equally good results. However, the greater
the number of neurons used, the longer the computing
time will be. Provide a more detailed analysis of how
each parameter (learning rate, epochs, activation
functions, number of neurons) affects model
performance.

In Table 4, from the trials that have been carried out,
it is known that the application of the activation function
affects the accuracy results. Where the use of the
sigmoid activation function as the activation function in
the output is appropriate. Because the output in this
study has a value of 0/1 and the output from the sigmoid
ranges from 0-1, a threshold of 0.5 is used if the output
does not reach the value 0/1. And the highest accuracy
is obtained by applying sigmoid + sigmoid activation.

Meanwhile, in Table 3, from the trials that have been
carried out, it is known that the highest accuracy is using
epoch 150 and 200. However, it is known that the
smallest loss is owned by epoch 200, namely a loss value
of 0.0697. And the conclusion from Fig. 10 is that the
greater the epoch, the smaller the loss value obtained.
And it can be seen in Table 3 that the number of epochs
affects the computing time. The larger the epoch, the
longer the computing time required. Then in Table 2 the
best learning rate value is obtained, namely 0.001,
where in the previous test the Adam optimizer was
found to be the best optimizer.

The way the Adam optimizer works is by combining
momentum and learning rate which causes faster
convergence, thereby speeding up the training process

and producing better scores in a shorter time. Adam's
optimizer is also stable over default parameter so it
doesn't require much adjustment. This is also the same
as previous research where the use of the Adam
optimizer produced higher accuracy compared to other
optimizers [17] .

Therefore, based on the test results of the best model
that has been obtained, it shows that the results of model
evaluation using the Backpropagation method with the
Adam optimizer and a learning rate of 0.001 and an
epoch of 200 show good accuracy results, namely
93.50% with a loss value obtained of 0.0697.

4 Conclusion

Based on the results of this research, several conclusions

were obtained in classifying hypertension using the

Backpropagation method by applying several

parameters to test scenarios.

1. Based on the results of the tests carried out, accuracy
results were obtained using the Backpropagation
method using the best model, namely producing an
accuracy of 93.50% with a loss value of 0.0697.
Meanwhile, the precision value is 94.00%, the recall
value is 93.00%, and the f1-score value is 93.00%.

2. Test results compare accuracy between the
application of several different parameters such as
learning rate values, namely 0.1, 0.01, 0.001, 0.0001,
and 0.00001.

3. The best model produced in this research was with a
learning rate of 0.001 with the optimizer used,
namely Adam.

4. Meanwhile, the epoch used in this training are 150,
200,250, 300, and 350. And the best model obtained
is epoch 200 with a computing time of 149,292s,
using the sigmoid + sigmoid activation function with
the best hidden layer neurons, namely 5 neurons.
hidden with an accuracy of 93.50%, precision, recall
and f1-score values of 94.00%, 93.00% and 93.00%
respectively with a computing time of 149,292s.
Therefore, it can be concluded that in this study the
learning rate and epoch influence the accuracy
values produced by the Backpropagation model.

5. Choosing a learning rate value based on the default
optimizer gives better accuracy results than using
other learning rate values and the more epoch used,
the better a model can learn and the smaller the loss
value obtained, however this will result in time
longer computing.

The suggestions for developing this study are:

1. Use data with more than 7 attributes other than those
mentioned in this study, so that it can be further
measured whether this artificial neural network
modeling can successfully handle the classification
of hypertension cases 2.

2. Please use data with more than 2 classes, so that it
will be more varied and complex
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