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Abstract. Information sharing throughout the globe or universe has become a
characteristic of socialmedia.There has been a lot of research into the classification
of sentiments. In this study, Twitter has been mined for unstructured Gofood
Reviews data. It has been preprocessed to analyze the reviews’ sentiment with
polarity analysis, feature extraction with TF-IDF, and supervised learning with
random forest. From June 1, 2022 to June 30, 2022, a total of 28763 tweets with
the keyword “Gofood” were retrieved from Twitter. The data is processed by
the Python programming language utilizing NLTK, Sastrawi for the Indonesian
language, Textblob, TF-IDF, Random Forest Classification, and other algorithms.
Twitter is a nearly limitless source for classifying text. This algorithm takes roughly
five minutes to computer.

Keywords: Social-Media · Data Twitter · Random Forest Algorithm · Sentiment
Classification · Polarity Analysis

1 Introduction

Loans are often needed by the community for various reasons. Some people take out
loans tomeet basic needs, start a business, or grow an ongoing business.Many companies
or institutions provide loan facilities. However, banks that provide loans often experience
problems with consumers who make loans, namely the inability to complete and repay
loanswith an agreed nominal value. As a result, the bankmustwork hard to collect so that
all debts to it can be resolved. Due to the frequent repetition of this incident, finally, by
utilizing technology, a way was found so that the incident could be anticipated, namely
by predicting credit risk. Credit risk is a method to find out whether the borrower is a
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good (good) or bad (bad) borrower, which if the borrower is a bad borrower, the bank
can take anticipatory steps so that the loan that has been borrowed can still be resolved
[1].

Data mining is done to get hidden information from the amount of data that is
processed [1, 2]. The results of the data mining process will then be made machine
learning models to be able to predict the data that has been collected. There are many
algorithms that can be used to predict this credit risk case, one ofwhich is SVMorSupport
Vector Machine [3, 4]. SVM is a classification algorithm by finding the optimal point
(hyperplane) between classes [5]. One of the studies that used SVM as a classification
algorithm showed good performance in classifying heart disease [4].

2 Methodology

2.1 Credit Risk

Credit risk is one of the important risks faced by banks [1]. There are several things
that cause credit risk to occur, one of which is that it is too easy for banks to provide
loans or invest in third parties without good supervision. The main cause of credit risk
is that it is too easy for banks to provide loans and make investments because they are
required to immediately take advantage of excess liquidity, so credit assessments are
less accurate in anticipating various possible business risks financed by banks. Agency
theory explains that debtors as third parties often ignore the interests of creditors (banks)
in managing funds lent or invested by banks. The existence of debtor behavior that is
detrimental and poses such risks causes banks to tend to be more careful in channeling
loans/investments to customers/debtors. Banks tend to be more careful in channeling
funds in terms of credit and investment when there is an increase in non-performing
loans as reflected in the high ratio of Non-Performing Loans (NPL). The high and low
NPL ratio reflects the size of the credit risk in banks.

The results of previous studies show thatNPLhas a negative effect on loans disbursed,
whichmeans that asNPL increases, lendingdecreases. This explains that the higher credit
risk in banks can affect the amount of loans provided by banks to debtors (customers).
This decrease in the number of loans granted can indirectly reduce the income on loans
disbursed, so that it can reduce the level of bank profitability.Many non-performing loans
can increase banking costs and then reduce bank profitability. Therefore, high credit risk
can weaken the influence of credit on bank profitability. This is because credit risk can
affect the level of prudence of banks in distributing loans to avoid non-performing loans,
so that it can affect the profits earned and the level of bank profitability [6, 7].

On the other hand, credit risk indirectly encourages banks to always optimize intel-
lectual capital capabilities so as not to cause large losses due to debtor behavior that is
detrimental to the bank. The risks faced by banks have a positive relationship to intel-
lectual capital. The existence of risk makes all elements in the bank’s organization feel
responsible for the risks faced, so that a formal structure is formed at the bank which has
the duties and responsibilities to oversee the operation of the risk management system in
the bank. Risk management, especially credit risk, has a positive effect on profitability.
There is a relationship between credit risk management and bank profitability, where the
more efficient and effective risk management will result in higher profits for the bank.
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Based on the results of previous studies and the logical thinking that has been explained,
the hypotheses that can be formulated in this study are as follows: H3: Credit risk weak-
ens the effect of loans on profitability, and H4: Credit risk strengthens the influence of
intellectual capital on profitability.

2.2 Python Programming Language

Python is an interpreted, high-level general-purpose programming language Python was
developed by Guido van Rossum and originally made available in 1991; it designs phi-
losophy places a significant emphasis just on readability of its own source code. Its
object-oriented methodology and language design are intended to assist programmers in
creating logical and understandable code for both little and big projects [8, 9]. Python has
garbage collection and dynamic typing. It supports a number of programming paradigms,
including functional, object-oriented, and structured (mostly procedural) programming.
Python’s extensive standard library has led to it being referred to as a “battery includ-
ed” language. Python was developed as a replacement in the late 1980s. Python 2.0,
which has been released in 2000, to the ABC language. Introduced features such as list
comprehension and a garbage collection system with reference counting. Python 3.0,
which was introduced in 2008, is a significant update to the language that is not entirely
backwards compatible with Python 2. This means that a lot of Python 2 code cannot be
run with Python 3 without changes. For many operating systems, there are Python trans-
lators available. The free and opensource reference implementation CPython is created
and maintained by a large community of programmers worldwide. The Python Software
Foundation, a non-profit, oversees and administers resources for Python and CPython
development [10, 11].

2.3 Service Vector Machine (SVM)

Support Vector Machine (SVM) is one of the supervised learning algorithms for classi-
fication and regression analysis. The output of this algorithm is the optimal hyper-plane
and maximizes the level between the two classes. The image below illustrates how SVM
works (Fig. 1).

In the picture above, it is shown that two classes are represented by a red box for
class −1 and a blue circle for class +1. In SVM, classification will be carried out by
looking for the optimal dividing line (hyper-plane) between class −1 and class +1. The
optimal hyper-plane can be found by measuring the margin between the two classes. In
helping this, SVM has several kernels that can increase the accuracy obtained. In linear
SVM, the separator is a linear function. The training data is represented by (xi, yi) and
xi = {

x1, x2, ..., xiq
}
is an attribute (feature) set for the i-th training data. For yi e {−1,

+1} declares the class label. The definition of the equation of a separating hyperplane
is written as:

w · xi + b = 0 (1)

The data xi which is divided into two classes, which belongs to class 1 (negative
sample) is defined as a vector which satisfies the following inequality:

w · xi + b < 0 for yi = −1
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Fig. 1. How the SVM works which form a hyperplane as a separator between class −1 and class
1 [12]

Meanwhile, those belonging to class +1 (positive sample) meet the following
inequalities:

w · xi + b < 0 for yi = +1

where:

xi input data
yi given label
w value of normal field
b position of xi he plane relative to the center of the coordinate

Parameters w and b are the parameters to look for the value. If the data label is yi =
−1, then the delimiter becomes the following equation:

w · xi + b ≤ −1 (2)

If the data label is yi = +1, then the delimiter becomes the following equation:

w · xi + b ≥ +1 (3)

The largest margin can be found by maximizing the distance between the boundary
planes of the two classes and their closest point, which is 2

|w| . . This is formulated as a
Quadratic Programming (QP) problem, in which the goal is to identify the equation’s
minimum point by taking into account the following equation:

L(w, b, a) = 1

2
‖w‖2 −

n∑

i=1

ai(yi
((

wTxi + b
)

− 1)
)

(4)
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L(w, b, a) = 1

2
‖w‖2 −

n∑

i=1

aiyi
(
wTxi + b

)
+

n∑

i=1

ai (5)

where ai is the lagrange multiplier which is zero or positive (ai ≥ 0). The optimal value
from the previous equation can be calculated by minimizing L to w, b and a can be seen
in the following equation:

∂L

∂a
=

n∑

i=1

aiyi
(
wTxi + b

)
−

n∑

i=1

ai = 0 (6)

2.4 Kernel Trick

SVM can be extended to draw a non-linear decision boundary by transforming the input
from the original space to a high-dimensional space. Since the relationship between the
input space and the transformation space is non-linear, the goal is to obtain a non-linear
decision boundary [13, 14]. To improve the accuracy of the problem, SVM has a kernel
trick that can help solve the problem of changing data into non-linear space. In general,
some of the most commonly used kernel functions in SVM are as follows [14, 13]:

Linear Kernel K
(
Xi,Xj

) = X T
i .Xj

Polynomial Kernel K(Xi,Xj) = (X i.Xj + 1)h

RBF K(Xi,Xj) = e−||Xi−Xj ||2/2σ 2

Sigmoid (Xi,Xj) = tanh(kXi.Xj − δ)

2.5 Python Programming Language

A identification or classification systemmust be capable to correctly classify all data sets
in order to operate. However, it is impossible to disputed that a system’s performance,
that performs classification will not always be 100% correct. Therefore, the system per-
formance must be measured. Generally, the way to measure classification performance
is using a confusion matrix [13, 15]. Measurement of the effectiveness of a classification
system is crucial. The system’s performance is described using a performance classifica-
tion system. in classifying data. One technique for evaluating a classification method’s
performance is the confusion matrix. The confusion matrix essentially provides data that
contrasts the system’s classification results with those of the classification that should
be [13]. There are 4 (four) terms used to represent the outcomes of the categorization
process when performance is measured using a confusion matrix. True Positive (TP),
True Negative (TN), False Positive (FP), and False Negative are the four terms (FN). The
number of negative data that are accurately recognized is known as the True Negative
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(TN) value, while false positives (FP) are instances of negative data that are mistakenly
identified as positive. True Positive (TP), however, refers to positive data that has been
accurately detected. The reverse of true positive, false negative (FN), refers to data that
is positive but is mistakenly identified as negative. Accuracy values can be determined
based on the values of True Negative (TN), False Positive (FP), False Negative (FN), and
True Positive (TP). How accurately the system can correctly classify the data is shown by
the accuracy value. In other words, the accuracy value compares the correctly classified
data to the entire set of data. The precision value can be obtained by the equation below.

Accuracy = TP + TN

TP + TN + FP + FN
(7)

Precision. It gauges true positive predictions. Equation 7 is used to calculate amodel’s
precision:

Precision = TP

TP + FP
(8)

A sensitivitymeasure is this one. It is developed to evaluate howwell amodel predicts
positive labels. It is determined by applying Eq. 8:

Recall = TP

TP + FN
(9)

F-Measure. Recall and precision (Eq. 9) are also considered in this metric. It can be
thought of as a weighted average of recall and precision metrics, with values ranging
from 0 (worst) to 1 (best). Equation 10 is used to calculate the F-measure.

F − Measure = 2 × Precision × Recall

Precision + Recall
(10)

3 Result and Discussion

In processing data before making predictions, the data needs to be cleaned first so as not
to damage the prediction results. One example of the need for data cleaning is if the data
used has a Nan or Null value. Therefore, it is necessary to check to make sure this does
not happen. The following are the results of checking the data used (Figs. 2 and 3).

From the results of checking, it can be ascertained that the data owned does not
have a null value. That is, the data can be used for further processing. In addition to
ensuring that the data does not have a null value, the data must also be balanced against
the classes it has. It should be avoided if one class has more data quantity than the other
class. In this study, it is necessary to balance the data in the data held so as not to damage
the prediction results. As a result of discovering a class imbalance in the dataset, it is
necessary to perform data reduction to rebalance the data and improve the accuracy of
the resulting prediction model.

From the graph of the relationship between the home ownership column and the
term against the label, it is certain that for home ownership there are more borrowers
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Fig. 2. Null-value check

Fig. 3. Data Balancing

who have pawn status who do not have credit difficulties. Uniquely, people who own
houses with ownership status and more are at risk of non-performing loans. As for the
term, more people are at risk of credit problems when taking a period of sixty months.

Of the two hundred thousand data used, the results of data balancing produce twenty
thousand remainingdata. That is, the data before the balancingprocess is veryunbalanced
with each other. The next process is to doEDAorExploratoryDataAnalysis [16, 17]. The
data analysis is carried out first by paying attention to categorical data on labels (Figs. 4
and 5). From the graph of the relationship between the home ownership column and the
term against the label, it is confirmed that for home ownership there are more borrowers
who have homes with mortgage status that do not have the risk of credit problems.
Uniquely, people who own houses with ownership status and rent more are at risk of
non-performing loans. As for terms, more people are at risk of having credit problems
when taking a period of sixty months. While the results of visualizing the relationship
between numerical data to the label, do not show any significant results or relationship
between the two. The outliers contained in the graph are also not anomalies that can
affect the model, but the shape of the data is indeed very diverse. Before carrying out
the modeling process, it is necessary to understand the algorithm used requires different
forms of data. For SVM, numerical data is needed because optimal hyperplane lines will
be searched between classes. Therefore, it is necessary to convert categorical data into
numerical form. In this process, a one-hot encoding process is carried out to convert it.
The following are the results of the one-hot encoding performed (Fig. 6).

After processing the data so that the processed data can be optimally used as amodel,
the next step is to make the data as a model. The modeling process is carried out by
utilizing the Sci-kit Learn library which has the SVM algorithm. From the processed
data, it needs to be further divided into test data and training data. The data sharing
process uses a ratio of 80:20 where 80% of the data will be used as training data, while
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Fig. 4. EDA on Categorical Data

the remaining 20%will be used as test data. The following is themodel fit process carried
out.

Figure 7, shows the hyperparameters used in the SVM linear algorithm modeling
process. The following table describes the confusion matrix of the predictive model
used in this study. From Table 1, it can be concluded that the model can make accurate
predictions, with only a few errors in predicting the negative class, where the model
identifies the eight existing data as positive, not negative, classes. As for the AUC graph,
the following are the model’s predictions.

FromTable 1, it can be concluded that themodel canmake accurate predictions, with
only a few errors in predicting the negative class, where the model identifies the eight
existing data as positive, not negative, classes. As for the AUC graph, the following are
the model’s predictions (Fig. 8).

4 Conclusion

From the results of the research that has been done, it can be concluded that the data that
will be used as a model needs to be pre-processed to adjust the shape of the data to the
algorithm used and so that it does not have noise or data that interferes with the modeling
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Fig. 5. EDA on Numerical Data

process, the SVM algorithm can be used as a model. Credit risk classification algorithm,
the results of the SVM algorithm performance obtained are quite good by getting results
above 90% for training data and test data. For further research, further experiments can
be carried out by performing hyper-parameter tuning of the SVM algorithm, can try
using other machine learning algorithms such as decision trees, KNN, and others, and
can try using neural-network models.
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Fig. 6. One-Hot Encoding

Fig. 7. Model Fit

Table 1. Confusion Matrix model

Class

Positive Negative

Target Positive 2433 0

Negative 8 2398
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Fig. 8. AUC from Model
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