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ABSTRACT

This study compares the performance of
several supervised learning methods in
determining import lane status at KPPBC
TMP B Teluk Bayur using variables such as
CIF value, country of origin, importer status
information, and HS Code. The evaluated
methods include Logistic Regression,
Support Vector Machine (SVM), Naive
Bayes, and Extreme Gradient Boosting
(XGBoost), with SMOTE applied to address
imbalanced data. The results show that all
models are capable of classifying import
documents into green lane and red lane
categories. Among the models, XGBoost
achieved the best overall performance with
an accuracy of 96.3% and a balanced
precision and recall value. Logistic
Regression and SVM showed high recall
values of 88.9%, indicating strong capability
in detecting red lane cases, while Naive
Bayes  demonstrated  lower  overall
performance. SHAP analysis revealed that
CIF value, country of origin, importer status
information, and HS Code were the most
influential variables in determining import
lane status. Overall, XGBoost can be
considered the best model, although model
selection should still depend on operational
priorities between efficiency and risk
detection capability.

Keywords: supervised learning, import lane
classification, XGBoost, SHAP, customs risk
management, SMOTE

INTRODUCTION
In the current era of globalization,
international trade activities, especially

imports, are one of the main supports in
supporting the national economy (1). Import
itself is an activity of entering goods into the
customs area. The customs area includes the
land area, waters, and airspace above it, as
well as certain places in the Exclusive
Economic Zone and the continental shelf in
which the provisions of laws and regulations
in the field of customs apply. KPPBC TMP
B Teluk Bayur, as the front line in
maintaining goods traffic in the West
Sumatra region, is required to carry out the
function of trade facilitator as well as
community protector. The main challenge in
the implementation of this function is how
customs officers can speed up the import
service process without neglecting the aspect
of supervision of dangerous goods entering
the customs area.

In carrying out its role as a Community
Protector, the Directorate General of
Customs and Excise uses a risk management
system that divides imported commodities
into several channels (lineup), namely Green
Lane and Red Line. Green Lane is the
process of service and supervision of the
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expenditure of imported goods by
conducting document research and physical
examination of goods before the issuance of
the Approval Letter for the Issuance of
Goods (SPPB). Red Line is the process of
servicing and supervising the expenditure of
imported goods by conducting document
research and physical examination of goods
first before issuing the Approval Letter for
the Issuance of Goods (SPPB). The
determination of this path is vital.
Misclassification can lead to two risks:
under-protection (illegal goods escape) or
over-regulation (logistics are hampered and
warehouse costs are inflated) (2).

Currently, the determination of the status of
the lineup is often based on the criteria of the
importer's profile and the type of commodity
that is static or using a rule-based system (3).
Along with the ever-increasing volume of
transaction data and increasingly complex
patterns of breaches, these conventional
systems are sometimes less flexible in
capturing anomalies or new patterns hidden
within historical data (4).

In the context of KPPBC TMP B Teluk
Bayur, the main priority in import routing is
security. This means that the system must be
able to accurately identify high-risk
shipments (Red Lines) to prevent the entry of
illegal commodities or the flight of state
revenues (5). Technically, system failure in
detecting violations (false negatives) is much
more dangerous than system errors that are
too strict (false positives) (6).

Machine learning-based approaches,
particularly supervised learning methods,
offer promising solutions. This method
allows the system to learn patterns from
historical data that have been labeled and
used to perform automatic classification (7).
Several supervised learning algorithms such
as Logistic Regression, Support Vector
Machine (SVM), Naive Bayes, and Extreme
Gradient Boosting (XGBoost) have their
own advantages in handling classification
problems, both in terms of interpretability,
accuracy, and the ability to handle complex
and unbalanced data (8)(9)(10)(11).

However, there has been no study that
specifically compares the performance of
these algorithms in the context of
determining the status of import pipelines at
KPPBC TMP B Teluk Bayur. Each
algorithm has different characteristics in
handling data distribution, relationships
between variables, and sensitivity to data
imbalance, so comparative analysis is needed
to determine the most optimal method in
determining the alignment (12).

Based on this description, this study was
conducted to analyze and compare the
performance of several supervised learning
methods in determining the status of import
registration using variables of importer
status, HS Code, CIF value, and country of
origin. In addition, this study also considers
the problem of data imbalance (Imbalance
Data) as an important factor in model
evaluation. The results of the study are
expected to provide recommendations for the
most effective and accurate methods, as well
as contribute to the development of a more
data-based and objective import route
determination system in the KPPBC TMP B
Teluk Bayur environment.

MATERIALS & METHODS

Types of Research

This research is quantitative research with a
machine learning approach. A quantitative
approach is used because this study focuses
on numerical data processing as well as
model performance measurement using
statistical metrics. Meanwhile, a machine
learning approach is wused to build a
classification model that is able to predict the
status of import pipelines based on available
historical data. The method used in this study
is supervised learning, where the model is
trained using data that already has a label in
the form of an import tracking status, then
used to predict new data.

Objects of Research

The object of this study is import document
data processed at the Customs and Excise
Supervision and Service Office (KPPBC)
Intermediate Type B Customs in Teluk
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Bayur. The data used reflects import
activities that have gone through the process
of determining the inspection route, so as to
contain  information related to the
characteristics of imported goods and the
status of the line determined by the customs
system. The unit of analysis in this study is
each imported document recorded in the
dataset from 2021 to 2025. Each observation
represents one import transaction that has
attributes such as HS Code, CIF value,
country of origin, and import path status
(green lane and red lane). The selection of
this research object is based on its relevance
to the research objective, which is to analyze
and compare supervised learning methods in
determining the status of import tracing. The
data used is considered representative
because it comes from the real conditions of
customs operations.

Types and Data Sources

The type of data used in this study is
quantitative data, which is data that can be
measured and processed numerically for the
purposes of statistical analysis and machine
learning modeling. The data in this study
consists of a combination of numerical and
categorical data that represent the
characteristics of imported documents.
Based on the source, the data used is
secondary data, namely data obtained from
related agencies without going through a
direct collection process by researchers. The
data in this study is sourced from official
documents in the form of a dataset of import
activities at the Customs and Excise
Supervision and Service Office (KPPBC) of
Intermediate Type B of Teluk Bayur.

The dataset contains imported historical data
with a total of 2,163 observations. Each
observation represents one import document
that already has complete attributes, namely
the office code (KD KANTOR), import
status information (KET STATUS IMP),
HS Code, CIF (Cost, Insurance, and Freight)
value, country of origin (NEG_ASAL), and
import registration status
(STATUS _JALUR).

The data used in this study has a good level
of completeness, where no missing value is
found in all variables. In addition, the data
has gone through a recording process in the
official customs system, so it has a high level
of validity and reliability. The use of this
document as the main data source is based on
its suitability with the purpose of the
research, which is to analyze and compare
supervised learning methods in determining
the status of import tracing. The historical
data reflects real conditions in the process of
determining import routes, thus allowing the
built model to have high relevance to
practices in the field.

Research Variables

The research variable is everything that is

used as an object of observation in the

research and has a variety of values. In this

study, the variables are differentiated into

dependent variables and independent

variables used in the supervised learning

modeling process

1. Key Variables is a variable used as the
basis for the classification process of
import routing status.

Table 1. Research Variables

Variables | Remarks Data Type | Scale
X4 Import Status Description Categorical Nominal
(KET STATUS IMP)
X, HS Code (HS CODE) Categorical | Nominal
X3 CIF Value (Cost, Insurance, and Freight) | Numerical | Ratio
X, Country of Origin (NEG_ASAL) Categorical | Nominal

2. Output Variable is a variable used as a
result of classification in the supervised

learning model, namely Import Routing
Status (STATUS JALUR)
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This variable shows the results of the
determination of import paths classified into
several categories, such as Green Lane (H)
and Red Line (M). This variable is the main
focus of the study because it represents the
level of risk of an imported document.

Data Analysis Methods

The data analysis method in this study uses a
supervised learning approach to classify the
status of import rolling. The analysis was
carried out by comparing several
classification algorithms to obtain the best
model based on the performance produced.
The stages of data analysis in this study are
carried out systematically as follows:

1. Data Pre-processing

a. Variable Coverage

In the initial stage, an examination of the
completeness of the variables in the dataset
was carried out. This study uses imported
document data consisting of variables
KET STATUS IMP, HS CODE, CIF,
NEG_ASAL, and STATUS JALUR. Each
observation is ensured to have a value on all
of these variables so that it can be used in the
classification process. Based on the results of
the examination, the dataset has included all
the required variables without any blank
entries.

b. Missing Values Detection

Missing data checks are performed using
data exploration functions in Python such
as.isnull() or .info (). The results of the check
show that there are no missing values in all
variables in the dataset. Therefore, no data
imputation process is required in this study.
c¢. Data Type Customization

Some variables such as HS CODE and
KD KANTOR were adjusted to be
categorical (object), even though the initial
format was numerical. This is done because
the variable represents a category, not a
quantitative value that has a mathematical
meaning.

d. Data Transformation and Encoding
In this study, categorical variables cannot be
directly wused by machine learning
algorithms, so it is necessary to transform
them into numerical forms. Target variables

(STATUS JALUR) are converted using
encoding labels, while categorical feature
variables such as KET STATUS IMP,
HS CODE, and NEG ASAL  are
transformed using target encoding.

This approach was chosen because it is able
to capture the relationship between
categories and target variables in a more
informative way than simple encoding
methods.

e. Data Standardization (Data Scaling)
Standardization is done to ensure that all
variables have a comparable scale. This is
important because some algorithms such as
Logistic Regression and SVM are sensitive
to differences in data scale.

In this study, the standardization method (Z-
score scaling) was used, which changed the
distribution of data so that it had an average
of close to zero and a standard deviation of
one. Thus, no variables dominate the model
learning process.

f. Handling Imbalanced Data

The dataset in this study has a class
imbalance, where the amount of data on the
green lane is much more than the red lane. To
overcome this, the SMOTE (Synthetic
Minority Over-sampling Technique) method
was used on the training data.

This method produces synthetic data in a
minority class so that the distribution of data
becomes more balanced. The application of
SMOTE is carried out only on training data
to avoid data leakage.

2. Development of classification models
At this stage, a classification model was
developed using several supervised learning
algorithms to predict the status of import
shipments. The model was built using trained
data that has gone through a preprocessing
process, including encoding, standardization,
and handling of imbalanced data using
SMOTE.

This study wuses four classification
algorithms, namely Logistic Regression,
XGBoost, Support Vector Machine (SVM),
and Naive Bayes. The selection of these four
algorithms is based on the differences in the
characteristics of each method, making it
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possible to conduct a
performance comparison.
a. Logistic Regression
Logistic Regression is a linear classification
algorithm used to model the relationship
between independent variables and the
probability of occurrence of a class. This
model works by estimating the probability
that an observation belongs to a particular
class based on a linear combination of
features (13). The Logistic Regression
equation is:

comprehensive

1
1 4+ e~ BotB1X1+B2X2++PnXn)

P(Y=1) =

where P(Y =1) is probability of an
observation belonging to class 1, [, is
intercept, 1,082, ...,Bn are regression
coefficients.

In this study, Logistic Regression is used as
a baseline model because it is simple, easy to
interpret, and has fairly good performance on
relatively linear data (8). In addition, Logistic
Regression remains one of the most widely
used classification methods in machine
learning research due to its computational
efficiency and strong interpretability
compared to more complex algorithms (14).
The maximum iteration parameter is
increased to ensure that the model
convergence process runs optimally during
training, especially when dealing with large-
scale or imbalanced datasets (15).

b. XGBoost (Extreme Gradient Boosting)
XGBoost is an ensemble learning-based
algorithm that uses boosting techniques to
improve model performance. This algorithm
works by building the model in stages, where
each new model focuses on the mistakes
made by the previous model (11). The
general objective function of XGBoost can
be written as:

n K
Obj{®} = z Iy, y:) + Z Q(fi)
i=1 k=1

The prediction model in XGBoost s
expressed as:

K
9= ) fulx)
k=1

In this study, XGBoost was used for its
ability to handle complex data, including
data with non-linear relationships and
interactions between variables. Parameters
such as the number of estimators, tree depth
(max_depth), learning rate, and subsamples
are adjusted to obtain optimal performance
(8).
¢. Support Vector Machine (SVM)
Support Vector Machine is a classification
algorithm that works by looking for an
optimal hyperplane that separates data
between classes by maximum margin (9). In
this study, a Radial Base Function (RBF)
kernel was used which is able to capture non-
linear patterns in the data.
The SVM hyperplane equation is:

fx) =wlx+b
The RBF kernel equation is:

2
K(x;,x;) = exp (—y ||xl - x]|| )
SVMs are known to perform well on high-
dimensional datasets and classification
problems with complex boundaries (8), but
are sensitive to data scale, so the
standardization process is an important step

before model training.
d. Naive Bayes
Naive Bayes is a probabilistic algorithm
based on Bayes' Theorem assuming
independence between variables (10).
Although this assumption is rarely perfectly
fulfilled, Naive Bayes is still widely used due
to its simplicity and efficiency in computing.
The Bayes Theorem equation is:
P(CIX) = P(X|C)P(C)

P(X)
In this study, Gaussian Naive Bayes was used
which is suitable for numerical data as a
result of transformations. The Gaussian
probability density function is:

P(x;|C) =

1 exp (_ (x; — Hc)2>
NVALH 20¢
This model is used as a comparator because
of its ability to handle small to medium-sized

datasets (8).
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3. Model Evaluation

After the model is trained, an evaluation is
carried out to measure the performance of
each algorithm in classifying the status of
import queues. The evaluation was carried
out using test data that was not used in the
training process.

The evaluation metrics wused include
accuracy, precision, recall, F1-Score, ad
AUC. In the context of this study, special
attention was paid to the recall value for the
red line class, as the class represented a high
risk in import activities. A good model is

expected to be able to minimize errors in

detecting red lines.

4. Model Analysis (SHAP and Feature
Importance)

To increase the interpretability of the model,

an analysis was carried out on the

contribution of each variable in the

prediction process, especially in the

XGBoost model. The method used is SHAP

(SHapley Additive exPlanations), which is

able to explain the contribution of each

feature to the model's output (16).

The SHAP value can be expressed as:

ISILAF] =151 = 1)!

bi=¢ )

SCF{i}

SHAP provides information about how much
influence a variable has on increasing or
decreasing the probability of a class. In
addition, a feature importance analysis was
carried out which showed the level of
importance of each variable in the model.
This analysis helps in understanding the key
factors that influence the determination of the
status of import threading.

5. Model Comparison

The final stage is carried out by comparing
the performance of all models based on the
evaluation metrics that have been obtained.
This comparison aims to determine the best
model that has a balance between accuracy
and ability to detect minority classes. The
model chosen is not only based on the highest
accuracy value, but also considers the recall

|FI!

[F(SU{i}) = f(S)]

value and Fl-score, especially for red line
classes that have a higher level of risk.

RESULT

This study aims to compare the performance
of several algorithms supervised learning in
classifying the status of the import queue.
Based on the results of data processing using
Python, the results of the evaluation of four
models were obtained, namely Logistic
Regression, XGBoost, Support Vector
Machine (SVM), then Naive Bayes.
Evaluation is conducted using metrics
accuracy, precision, recall, and Fl-score,
each of which provides a different picture of
model performance, especially under
unbalanced data conditions.

The results of the model evaluation are
shown in the following Table 2:

Table 2. Model Evaluation Results

Model Accuracy | Precision | Recall | F1-Score | AUC

XGBoost (Tuned) 0,9677 0,3333 0,5556 | 0,4167 0,9189
SVM (Tuned) 0,8129 0,0909 0,8889 | 0,1649 0,8737
Logistic Regression | 0,7067 0,0597 0,8889 | 0,1119 0,8679
Naive Bayes (Tuned) | 0,3972 0,0333 1,0000 | 0,0645 0,7854

From these results, it can be seen that there is
a significant difference in performance
between models. No single model excels
across all metrics, which indicates a trade-off
in model performance.

Imbalanced Data Analysis

One of the main characteristics of the dataset
in this study is the imbalance in the amount
of data between the green lane and red lane
classes. The amount of green lane data is
much more dominant than the red lane. This
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condition causes the model to tend to be
biased towards the majority class, so even
though the accuracy value is high, the
model's ability to detect the minority class is
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not necessarily good. This is evident in the
XGBoost model which has high accuracy but
relatively low recall.
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Figure 1. Differences in Class Distribution Before an After SMOTE

The use of the SMOTE method in this study
aims to overcome this imbalance by adding
synthetic data in minority classes. However,
the results show that although SMOTE is
helpful, the challenge of detecting minority
classes remains not completely solved. The
results showed that after the implementation
of SMOTE, the amount of data in class 0 and
class 1 became balanced, namely 1,694
observations each. This indicates that the
SMOTE technique has succeeded in
overcoming class imbalances by adding
synthetic data to minority classes so that the
distribution of data is balanced. This
condition is expected to help the model in
learning more fairly for both classes without
bias towards the majority class.

Discussion per Classification Model

In the next stage, a model performance
analysis was carried out in classifying the
status of import pipelines using a supervised
learning approach. This study uses four
classification algorithms, namely Logistic
Regression, XGBoost, Support Vector
Machine (SVM), and Naive Bayes. The use
of these algorithms aims to gain a more
comprehensive understanding of the ability
of each method to capture data patterns and

to deal with the problem of imbalanced data
contained in the dataset.

In contrast to unsupervised learning
approaches such as clustering which focuses
on grouping without labels, the supervised
learning approach in this study utilizes target
variables in the form of import routing status
(green lane and red lane) as the basis for
model learning. Thus, each algorithm is
trained to recognize the pattern of
relationships between independent variables,
such as HS Code, CIF values, country of
origin, and import status, to target variables
that reflect the level of risk of an import
activity.

The selection of the four algorithms is based
on the differences in the characteristics and
approaches of each method in conducting
classification. Logistic Regression is used as
a simple and easy-to-interpret linear model,
so that it can provide a basic overview of the
relationships between variables. Meanwhile,
XGBoost was chosen for its ability to handle
non-linear relationships and complex
interactions between variables through a
boosting-based ensemble learning approach.
Furthermore, the Support Vector Machine
(SVM) is used because of its ability to form
optimal decision boundaries (optimal
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hyperplane) that are able to effectively
separate classes, especially on data with high
dimensions and non-linear patterns. On the
other hand, Naive Bayes is used as a
probabilistic model that assumes
independence between variables, so that it
can provide different perspectives in
understanding the distribution of data.

By combining the four algorithms, this study
aims not only to determine the model with
the best performance in general, but also to
analyze the differences in the characteristics
of each model in detecting minority classes
(red lines) that have a higher level of risk.
This is important because in the context of
customs, errors in detecting red lines (false
negatives) have more serious consequences
than errors in classifying green lines as red
lines (false positives).

In addition, the use of several models also
allows comparative analysis related to the

trade-off between accuracy, precision, and
recall. Each model has a different tendency,
with some models focusing more on
improving overall accuracy, while others are
more sensitive to detecting minority classes.
Therefore, the results of each model are not
only evaluated based on a single metric, but
are thoroughly analyzed to understand their
implications for operational efficiency and
risk mitigation in the import routing process.
With this approach, it is hoped that the
research will be able to provide a more
comprehensive and in-depth picture of the
performance of various supervised learning
methods, as well as produce model
recommendations that are not only
statistically optimal, but also relevant to be
applied in the context of decision-making in
the field of customs.

a. Logistic Regression Model

Table 3. Confusion matrix Logistic Regression Model

Actual \ Predicted | Green Lane (H) | Red Line (M) | Total
Green Lane (H) 298 126 424
Red Line (M) 1 8 9
Total 299 134 433

Table 4. Classification Report Logistic Regression Model

Classes Precision | Recall | F1-Score | Support
Green Lane (H) | 1,00 0,70 0,82 424

Red Line (M) 0,06 0,89 0,11 9
Accuracy 0,71 433
Macro Avg 0,53 0,80 0,47 433
Weighted Avg | 0,98 0,71 0,81 433

Visualization of the results of Table 3. It can be seen in Figure 2 below.

Confusion Matrix

dctual

pracision

ROC Curve

Trie Positive Rate.

NEG_ASAL

portance

Figure 2. Confusion matrix, ROC Curve, Precision-Recall curve, and Feature Importance Model Logistic

Regression
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The Logistic Regression model shows
classification performance with an accuracy
rate of 70.67% based on Table 3, which
indicates that the model is able to classify
most of the data quite well. However, a more
in-depth evaluation through the confusion
matrix in Figure 2 shows that the model has
characteristics that tend to be stronger in
detecting minority classes, namely the red
line. Out of a total of 9 red-track data, the
model managed to identify 8 data correctly
and only failed on 1 data, resulting in a high
recall value of 88.9%. This suggests that the
model has excellent sensitivity to risk,
making it less likely that red line cases will
be missed.

However, the model's ability to provide
accurate predictions is still relatively low.
This can be seen from the precision value of
only 5.97%, which shows that most of the red
line predictions produced are actually green
lines. This condition is strengthened by the
high number of false positives, which are as
many as 126 cases, where the green lane data
is erroneously classified as a red lane as a
result, although the model is effective in
detecting risks, operational efficiency is
declining due to the increasing number of
items to be inspected.

The significant difference between high
recall values and low precision is also

reflected in the relatively small F1-score
value of 0.11 for the red line class. This
shows that the balance between detection
capabilities and prediction accuracy is still
not optimal. This condition is inseparable
from the characteristics of unbalanced data,
where the amount of green lane data is much
more dominant than the red lane data. The
use of the SMOTE technique in this study did
help increase the sensitivity of the model to
minority classes, but on the other hand it also
caused the model to become more aggressive
in classifying the data as a red line.

Overall, Logistic Regression can be
categorized as a risk-averse model, which is
a model that prioritizes risk detection over
efficiency. In the context of customs, this
model has the advantage of minimizing
errors in the form of false negatives, which
are the most crucial errors. However, the
high number of false positives suggests that
this model is less efficient to be applied
directly  without further adjustments.
Therefore, additional strategies such as
threshold adjustments or combinations with
other models are needed to achieve a balance
between risk mitigation and operational
efficiency.

XGBoost Model Analysis

Table 5. Confusion Matrix Results of XGBoost Model

Actual \ Predicted | Green Lane (H) | Red Line (M) | Total
Green Lane (H) 414 10 424
Red Line (M) 4 5 9
Total 418 15 433

Table 6. Table Classification Report XGBoost Model

Classes Precision | Recall | F1-Score | Support
Green Lane (H) | 0,99 0,98 0,98 424

Red Line (M) 0,33 0,56 0,42 9
Accuracy 0,97 433
Macro Avg 0,66 0,77 0,70 433
Weighted Avg | 0,98 0,97 0,97 433

Visualization of the results of Table 5. It can be seen in the following Figure 3.
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Figure 3. Confusion Matrix, ROC Curve, Precision-Recall curve, and Feature Importance XGBoost

Model

The XGBoost model shows excellent
performance with an accuracy rate of 96.7%,
which is the highest value compared to other
models. This value shows that the model is
able to classify most of the data very
accurately, especially in the majority class,
i.e. the green path. This can be seen from the
confusion matrix, where 414 out of 424 green
path data were correctly classified, resulting
in a very high recall value for the class
(97%).

However, if you look deeper at the model's
ability to detect red lanes as a minority class,
the model's performance is still relatively
limited. Out of a total of 9 red lane data, the
model was only able to correctly identify 5
data, while the other 4 data were incorrectly
classified as green lanes. This condition
resulted in a recall value of 55.5%, indicating
that more than half of the red line cases were
not successfully detected by the model.
These errors fall into the category of false
negatives, which are the most crucial type of
error in the context of customs because they
can cause the goods to risk escaping without
inspection.

On the other hand, the XGBoost model had a
precision value of 33.3% for the red lane
class, which was the highest value compared
to other models in the study. This shows that
when a model predicts a data as a red line, the
probability of the prediction being true is
relatively higher than that of other models.
The low number of false positives (only 10

cases) also shows that the model is quite
selective in predicting red lines, so that
operational efficiency can be maintained.
The difference between the precision and
recall values in the red lane class shows that
there is a significant trade-off. The XGBoost
model tends to be more conservative in
classifying data as red paths, resulting in
better accuracy, but with the consequent
lower ability to detect all red line cases. This
reflects XGBoost's characteristics as an
ensemble learning-based model that seeks to
optimize overall performance by minimizing
global errors, rather than specifically
focusing on minority classes.

The performance of this model is also
inseparable from the influence of data
imbalance (imbalanced data) which is still
the main challenge. Even though the
handling has been carried out using SMOTE,
the very uneven distribution of data still
affects the learning process of the model, so
that the model is more likely to recognize
patterns from the majority class.

In the context of customs operations, the
XGBoost model has an advantage in terms of
efficiency because it is able to minimize the
number of unnecessary checks. However, the
main drawback of this model lies in the high
number of false negatives, which means that
there is a risk that goods that should be in the
red lane will be classified as green lanes.
Therefore, the use of this model needs to be
accompanied by additional strategies, such as
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threshold adjustments or integration with
other risk selection systems.

Overall, the XGBoost can be categorized as
a model with high accuracy and high
precision characteristics, but low recall for
the minority class. This model is particularly

suitable for use in conditions that emphasize
operational efficiency, but needs to be further
optimized when used in contexts that require
a high level of risk detection

Support Vector Machine (SVM) Model

Table 7. Results of the SVM Model Confusion matrix

Actual \ Predicted | Green Lane (H) | Red Line (M) | Total
Green Lane (H) 344 80 424
Red Line (M) 1 8 9
Total 345 88 433

Table 8. Table Classification Report SVM Model

Classes Precision | Recall | F1-Score | Support
Green Lane (H) | 1,00 0,81 0,89 424

Red Line (M) 0,09 0,89 0,16 9
Accuracy 0,81 433
Macro Avg 0,54 0,85 0,53 433
Weighted Avg | 0,98 0,81 0,88 433

The Support Vector Machine (SVM) model
produced an accuracy rate of 81.3%, which
indicates that the model is able to classify
most of the data quite well. When compared
to other models, SVM has a relatively
balanced performance between risk detection
capabilities and misclassification rates,
although there are still some drawbacks to be
noted.

Based on the confusion matrix, this model
managed to correctly classify 344 out of 424
green lane data, and was able to detect 8 out
of 9 red lane data. This resulted in a high
recall value for the red line class of 88.9%,
which indicates that the model has excellent

Confusion Matrix

80

sensitivity to minority classes. With only 1
false negative case, the risk of missing risky
goods can be significantly minimized.
Nevertheless, the model still produces 80
false positive cases, which are conditions
where the green line is classified as the red
line. This causes the precision value for the
red line class to be low, which is 9.1%. In
other words, most of the red path predictions
that the model generates are not actually red
lines.

Visualization of the results of Table 7. It can
be seen in the following Figure 4.

ROC Curve

Figure 4. Confusion matrix, ROC Curve, Precision-Recall curve, and Feature Importance SVM
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This condition shows a trade-off between the
ability to recall and the accuracy of
predictions. SVMs tend to be more
aggressive in classifying data as red lines to
ensure that risks are not missed. This causes
the model to have similar characteristics to
Logistic Regression, namely high recall but
low precision, albeit with a slightly lower
error rate.

In terms of concept, SVM works by forming
a separator boundary (hyperplane) that
maximizes the margin between classes. The
use of the RBF kernel in this study allowed
the model to capture non-linear patterns in
the data. However, under unbalanced data
conditions, the model tends to expand the
boundaries of decisions in the direction of
minority classes, resulting in more data being
classified as red lines. This explains the high
value of the recall as well as the increase in
the number of false positives.

If associated with data characteristics, the use
of SMOTE in the training process also

affects the model's behavior. With the
increasing amount of synthetic data in the red
line class, models are becoming more
sensitive to patterns associated with risk.
However, this also causes the model to tend
to overgeneralize the characteristics of the
red line.

In the context of customs operations, the
SVM model has an advantage in terms of risk
mitigation, as it is able to detect almost all red
line cases. This is very important to prevent
potential violations and state losses.
However, the weakness lies in efficiency, as
a large number of false positives will
increase the burden of inspecting goods.
Thus, SVM can be categorized as a model
that is in a compromising position between
security and efficiency. This model is
suitable for use in situations where risk
detection remains a priority, but with
moderate operational efficiency in mind.

Naive Bayes Model

Table 7. Results of the Confusion matrix of Bayes' Naive Model

Actual \ Predicted | Green Lane (H) | Red Line (M) | Total
Green Lane (H) 163 261 424
Red Line (M) 0 9 9
Total 163 270 433

Table 10. Table Classification Report Model Naive Bayes

Classes Precision | Recall | F1-Score | Support
Green Lane (H) | 1,00 0,38 0,56 424

Red Line (M) 0,03 1,00 0,06 9
Accuracy 0,40 433
Macro Avg 0,52 0,69 0,31 433
Weighted Avg | 0,98 0,40 0,55 433

Visualization of the results of Table 9. It can be seen in Figure 5 below.

cantusion matrix

Hs_cooe

ROC curve

Figure 5. Confusion matrix, ROC Curve, Precision-Recall curve, and Feature Importance Naive Bayes

Model
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The Naive Bayes model showed quite
extreme performance compared to other
models, with an accuracy rate of only 39.7%,
which was the lowest score in the study.
Despite this, the model has unique
characteristics, especially in its ability to
detect minority classes.

Based on the confusion matrix, the model
managed to correctly classify all 9 red lane
data, resulting in a recall value of 100%. This
shows that the model has a very high ability
to detect risks, not even a single case of red
line being missed (false negative= 0). In the
context of customs, this condition is
theoretically ideal because the entire
potential risk can be identified.

However, these advantages are followed by
very significant weaknesses. The model
produced 261 false positive cases, i.e. green
lane data classified as red lanes. This amount
is very large compared to the total green lane
data, resulting in a very low precision value
for the red lane class, which is only 3.3%. In
other words, almost all of the model's red line
predictions are inaccurate.

As a result of this high false positive, the
overall accuracy value becomes very low.
This suggests that while the model is capable
of detecting the entire risk, it fails to properly
classify the majority of data. The very small
Fl-score value (0.06 for the red lane) also
indicates that the balance between recall and
precision is not reached.

Conceptually, Naive Bayes works on the
assumption that each feature is independent
of each other. In practice, this assumption is
rarely met, especially in imported data that
has a relationship between variables, such as
the relationship between HS Codes, CIF
values, and countries of origin. The model's
inability to capture the relationships between
these variables causes the resulting
probability distribution to be less accurate.
In addition, the use of SMOTE in the training
process likely reinforces the model's bias
against minority classes. With the increasing
amount of synthetic red-path data, models
become highly sensitive to the characteristics
of those classes and tend to classify most of
the data as red-paths.

In the context of customs operations, this
model can be categorized as a very
inefficient model. While there is no risk of
being missed, the number of checks
generated will be enormous as almost all
goods are classified as red lines. This can
cause overload on the inspection system and
degrade overall operational performance.
Thus, Naive Bayes can be categorized as a
model with extreme sensitivity
characteristics without error control, making
it unsuitable for use as the main model in the
import pathing system.

DISCUSSION

Based on the overall evaluation results, there
is no single model that is perfectly superior
in all assessment metrics. Each algorithm
exhibits different performance
characteristics as a consequence of the
learning approach used as well as the
unbalanced data conditions. Therefore,
determining the best model in this study
cannot be done by looking at just one
indicator, such as accuracy, but must
consider the balance between risk detection
capabilities (recall), prediction accuracy
(precision), and operational implications of
misclassification. The XGBoost model
shows the best performance in terms of
accuracy (96.3%) and has a relatively higher
level of precision than other models in
detecting red lanes. This shows that the
model is able to classify the overall data very
well and be more selective in providing red
line predictions. The low number of false
positives is also an advantage because it can
maintain operational efficiency, especially in
reducing unnecessary inspection burdens.
However, the limited recall value (44.4%)
shows that this model is not optimal in
detecting all red line cases, so there is still a
significant risk of false negatives.

On the other hand, models such as Support
Vector Machine (SVM) and Logistic
Regression show better performance in terms
of recall (88.9%), which means that it is able
to detect almost all red line cases. This is very
important in the context of customs because
errors in the form of undetectable red lines
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(false negatives) have a much more serious
impact than other errors. However, both
models have a weakness in low precision,
which is reflected in the high number of false
positives. This condition has the potential to
reduce operational efficiency because it
increases the number of goods that must be
inspected even though it is not risky.
Meanwhile, the Naive Bayes model shows
unbalanced performance with perfect recall
(100%) but very low precision and accuracy.
This suggests that the model is too sensitive
to minority classes and is incapable of
providing an overall accurate classification,
making it less feasible to use in real
implementations.

Taking all these aspects into account, the
XGBoost model can be categorized as the
best model in general because it is able to
provide the most optimal performance in the
context of a balance between accuracy and
efficiency. However, if the main goal is to
maximize risk detection, then models such as
SVM or Logistic Regression are more
appropriate alternatives because they have a
higher level of sensitivity to red lines.

Thus, the selection of the best model in this
study is not absolute, but rather depends on
the priorities and objectives of use in the
context of customs operations. If the system
emphasizes more on safety and risk
mitigation, then a high-recall model is more
recommended. On the other hand, if

operational efficiency is the top priority, then
models with high accuracy and precision are
more suitable. Therefore, the most ideal
approach is to consider a combination of
strategies, such as threshold adjustments or
the integration of multiple models, in order to
achieve the optimal balance between risk
mitigation and efficiency in the import
routing system.

In addition to evaluating the performance of
the classification model, this study also
analyzed the most influential variables in
determining the status of import lines. This
analysis aims to provide a deeper
understanding of the factors that are the basis
for model decision-making, so that the
results of the research are not only predictive,
but also interpretive and can be used as a
consideration in policy-making in the field of
customs.

Based on the results of interpretation using
SHAP method on the XGBoost model, it was
found that the most influential variables in
determining the status of import routing in
order were Cost, Insurance, and Freight
(CIF), Country of Origin (NEG_ASAL),
Importer Status Description
(KET _STATUS IMP), and HS Code. The
sequence shows the relative contribution rate
of each variable to the output of the model,
where the variable with a higher SHAP
contribution value has a greater influence on
the classification process.

SHAP Summary - XGBoost
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ot .....{....‘*...}..... —
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Figure 6. SHAP Summary XGBoost Model (Best)
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SHAP Feature Importance - XGBoost
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Figure 7. SHAP Feature Importance Model XGBoost (Best)

The CIF variable is the variable with the most
dominant level of influence. This shows that
the value of imported goods has a very
significant role in determining the status of
the line. Conceptually, CIF represents the
total value of imported goods, so the higher
the CIF value, the greater the potential risk
inherent in the transaction. The XGBoost
model 1is able to capture patterns that
variation in CIF values correlate with a
certain level of risk, so this variable becomes
a key indicator in the classification process.
The dominance of CIF in the SHAP
summary plot also indicates that the
economic value factor of transactions is the
main determinant in determining the import
route.

The Country of Origin (NEG_ASAL)
variable ranks second in the level of
influence. This shows that the country of
origin of imported goods is an important
factor that also influences model decisions.
In customs practice, countries of origin are
often associated with a certain risk profile
based on historical data, trade policies, and
international trade characteristics. The
results of the SHAP analysis show that some
countries of origin make a positive
contribution to the likelihood of a transaction
being classified as a red lane, while others
tend to be associated with a green lane. This
shows that the model is able to identify
geographically-based risk patterns quite
well.

Furthermore, the variable Importer Status
Information (KET STATUS IMP) also has
a significant influence on the classification
results. This variable reflects the

characteristics and profile of the importer,
which in a customs risk management system
is one of the important factors in determining
the level of compliance and potential risk.
The XGBoost model identifies that the status
of certain importers has a different tendency
to influence path setting, so these variables
play a role in reinforcing the classification
decisions generated by the model.

The HS Code variable is in fourth place, but
it still makes a significant contribution to the
classification process. The HS Code
represents the type and classification of
imported goods, which is directly related to
the level of supervision in customs activities.
Although the influence is not as large as the
CIF variables, country of origin, and
importer status, the HS Code still plays a role
in helping the model recognize risk patterns
based on commodity type. This shows that
the model considers not only the value and
origin aspects of the goods, but also the
characteristics of the goods themselves in
determining the status of the goods.

Overall, the results of this analysis show that
the XGBoost model relies on a combination
of several key variables in determining the
status of the import queue. The dominance of
CIF variables and countries of origin
confirms that the aspect of transaction value
and origin of goods is the main indicator in
risk assessment. Meanwhile, the importer
status information variable and HS Code
function as supporting factors that enrich
information in the classification process.
These findings suggest that the variables
considered important by the model are in line
with risk management principles in customs,
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thereby increasing confidence in the results
of the resulting model. Thus, the analysis of
these variables not only provides an
understanding of the working mechanism of
the model, but also makes a practical
contribution in supporting the development
of a more effective, transparent, and data-
based import routing system.

CONCLUSION

Based on the results of the research that has
been conducted regarding the comparison of
supervised learning methods in determining
the status of import lines at KPPBC TMP B
Teluk Bayur, several conclusions can be
drawn as follows. The application of the
supervised learning method has proven to be
able to be used to classify the status of import
routing by utilizing variables such as CIF
values, country of origin, information on
importer status, and HS Code. The built
model is able to identify patterns in historical
data and classify imported documents into
green lane and red lane categories. The
results of the comparison show that each
model has different performance
characteristics. The XGBoost model has the
best performance in terms of accuracy, which
is 96.3%, and is able to provide a relatively
good balance between precision and recall.
This model excels in operational efficiency
because it is able to minimize overall
misclassification. The Support Vector
Machine (SVM) and Logistic Regression
models show excellent ability to detect red
lines with a high recall value, which is
88.9%. This suggests that both models are
more sensitive to minority classes, making
them more effective in detecting potential
risks. However, the main drawback of both
models lies in the low precision, which leads
to a high number of false positives. The
Naive Bayes model shows suboptimal
performance with a low level of accuracy,
despite having a very high recall value. This
suggests that models tend to be overly
sensitive to minority classes and are unable
to provide a balance between precision and
sensitivity. The results of the analysis using
SHAP show that the most influential

variables in determining the status of import
routing in order are CIF, country of origin,
information on importer status, and HS Code.
These findings suggest that the model relies
on transaction value factors and the origin of
goods as key indicators in risk assessment,
which is in line with risk management
practices in customs. Thus, there is no single
model that is absolutely superior in all
aspects. The XGBoost model can be
considered the best model in general, but the
selection of the model should still be tailored
to the intended use, whether it is more
emphasis on operational efficiency or on risk
detection capabilities.
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