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accelerating cashless payment adoption. MyPertamina, PT Pertamina's
mobile payment platform, has been deployed across gas stations
nationwide. However, only 5.65% of 1.3 million registered users
(September 2024) are active, and only 11.5% qualify as loyal users (=24
transactions/month). This performance gap, which exists between
registered, active, and loyal users, is the focus of this study, as existing
research has overlooked the role of gas station operational governance in
shaping transaction behavior.

Objective: This study aims to (1) identify factors influencing
MyPertamina usage at DKI Jakarta gas stations, (2) develop a machine
learning-based prediction model to classify transaction behavior
(MyPertamina vs. cash), and (3) create a G-STIC framework to increase
adoption, usage intensity, and loyalty.

Methods: A quantitative case study using the CRISP-DM framework
analyzed secondary POS transaction data from 8,000 transactions (5,200
MyPertamina; 2,800 cash) at DKI Jakarta gas stations (2024). Stratified
sampling was used, and the models—Decision Tree, Gradient Boosted
Trees, and Decision Stump—were evaluated based on accuracy, precision,
and recall.

Results: Gradient Boosted Trees achieved the highest accuracy (97.75%).
Gas Station Type and Class showed the strongest correlations with
MyPertamina usage, suggesting further investigation of the Gas Station
Code correlation.

Conclusion: MyPertamina adoption 1is influenced by operational
governance and service standards. The G-STIC framework provides
actionable strategies for increasing digital transaction adoption,
contributing to both academic literature and managerial practice in the
energy retail sector.

To cite this article: Hutapea, F. L. C., Widianto, S., & Samidi. (2026). MyPertamina transaction increase strategy
through optimizing application use at gas stations based on machine learning. INKUBIS: Jurnal Ekonomi dan Bisnis,
8(1),112-125. https://doi.org/10.59261 /inkubis.v8i1.150

INTRODUCTION

The rapid proliferation of digital platforms in emerging markets has fundamentally
altered consumer-service interactions, particularly within the energy sector where mobile
applications serve as primary touchpoints for both transactions and loyalty engagement (Khoiro
et al,, 2025; Kusuma et al,, 2022). In the energy retail sector, digital transformation has similarly
reshaped customer engagement dynamics, with cashless payment adoption increasingly studied
through digital service quality, user experience, and customer adoption frameworks (Murrar et
al, 2025; Pratama & Handayani, 2025). PT Pertamina, one of Indonesia's leading energy
companies, has embarked on a digital transformation process since 2017 by integrating digital
technology into various business lines, including the launch of MyPertamina, a mobile application
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for cashless payments at Pertamina gas stations (Indradewa & Igbal, 2021).

MyPertamina is a digital solution for consumers of Pertamina products, integrated with
various services that provide benefits to consumers (Kustyana et al., 2024). The application boasts
numerous superior features, such as electronic payments (e-payments) using an integrated
payment system with LinkAja, OVO, GoPay, Mandiri, BNI, BRI, Visa, and Mastercard (Sinurat et al.,
2022). Furthermore, every purchase made through the application earns loyalty points that can
be collected and redeemed for various rewards and attractive promotions from MyPertamina.
MyPertamina is expected to become a strategic tool in maintaining and increasing market share
for Pertamina's fuel and non-fuel products (non-fuel business)(Putra & Menorizah, 2025).

DKI Jakarta was selected as the study area because it represents the highest fuel
transaction volume and the most mature digital literacy profile among Indonesia's provinces,
making it an ideal context for evaluating digital payment adoption at scale. According to
September 2024 data, registered MyPertamina users reached 1.3 million. For clarity: registered
users are those who have created an account; active users are those who have completed at least
one transaction; and loyal users are those making at least four transactions per month. Only
5.65% of registered users are active users, and only 11.5% of active users are categorized as loyal
users. This fact indicates a significant gap between the number of registered users, active users,
and loyal users. In other words, although the application has succeeded in attracting new users,
the level of engagement and frequency of use remains relatively low (Prastiyo & Lahindah, 2024).

Key Findings: Kondisi Us
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Figure 1. MyPertamina Application User Data 2024
Source: PT Pertamina Patra Niaga 2024 Annual Report

Based on a 2023 survey of MyPertamina users, more than 50% of active users employ the
app to pay for fuel purchases, while 22% utilize the Right Subsidy Program feature. However, only
8% access the loyalty points feature. This underutilization has direct revenue and retention
implications: low feature engagement limits Pertamina's ability to capture customer lifetime
value, reduces cross-selling opportunities for non-fuel products, and weakens the loyalty loop that
could otherwise reduce customer churn and stabilize market share. The low utilization of these
additional features indicates that the MyPertamina app has not yet fully delivered a value-added
experience capable of building long-term engagement with consumers.

This situation has several critical implications. First, the low utilization of features other
than payments indicates that the MyPertamina app is still perceived as merely a transaction tool,
rather than an integrated service platform. Research on digital payment adoption in the energy
sector highlights that perceived service quality and ease of use are primary antecedents of
application adoption; the limited engagement with loyalty and subsidy features in MyPertamina
suggests these functionalities have not yet achieved sufficient perceived usefulness among users
(Lazuardy et al., 2025; Pratama & Handayani, 2025).

Studies on digital transformation in fuel payment systems further confirm that social
influence and facilitating conditions including infrastructure readiness and organizational
support significantly moderate user loyalty (Khoiro et al., 2025). Murrar (2025) emphasize that
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strategies for driving customer adoption of Al-powered mobile apps require addressing both
user-side and supply-side enablers, implying that gas station-level operational support is critical
for diffusing MyPertamina usage. Second, if this trend continues, Pertamina could potentially miss
a strategic opportunity to build a loyal customer base, even though loyalty is a key factor in
maintaining market share amid intense competition in the energy industry (Hastuti et al., 2024).

In the context of consumer data management, the company currently faces the challenge
of leveraging big data generated from millions of daily MyPertamina user transactions. The
selection of predictive algorithms such as Decision Trees, Gradient Boosted Trees, and Decision
Stump in this study was based on the characteristics of transaction data, which is generally tabular
and heterogeneous, and requires output that is not only accurate but also explainable.
Accordingly, feature importance outputs and decision rules generated by these models are
presented in the Results section to fulfill the interpretability requirement, consistent with recent
ML studies on MyPertamina (Madyatmadja et al, 2025; Rousyati et al, 2023). With these
predictive algorithms, companies can identify application usage patterns, predict transaction
trends, and determine key attributes that influence user loyalty.

Previous studies have examined digital payment adoption from demand-side perspectives
Dash (2023); Sinurat (2022); Prastiyo (2024), focusing on user attitudes and behavioral
intentions. However, supply-side governance factors particularly the role of gas station type, class,
and operational standardization remain underexplored as predictors of digital transaction
adoption at the point of sale. This study is novel because it is the first to apply a machine learning-
based classification approach (CRISP-DM framework) to POS transaction data from a national
energy retailer's gas station network, integrating supply-side operational attributes with
predictive modeling to derive actionable business strategies. Therefore, this research focuses on
strategies to increase MyPertamina transactions through optimizing application usage at gas
stations using machine learning.

The objectives of this research are: (1) to identify and analyze factors influencing the level
of MyPertamina application usage by consumers at gas stations in DKI Jakarta Province; (2) to
develop and evaluate machine learning-based prediction models to classify transaction behavior
(MyPertamina vs. cash); and (3) to formulate a business strategy using the G-STIC framework to
sustainably increase the level of adoption, usage intensity, and consumer loyalty to the
MyPertamina application. This research is expected to contribute in two main aspects. First,
academically, this research adds to the literature on the use of analytical technology in managing
digital applications in the energy sector. Second, practically, the research results can provide
concrete recommendations for Pertamina in optimizing application features, improving user
experience, strengthening customer loyalty, and supporting the company's competitiveness in the
era of digitalization and energy transition.

METHOD

This research employed a quantitative descriptive case study design to analyze
MyPertamina transaction behavior at gas stations in DKI Jakarta Province. The primary data
source was internal subsidized fuel sales transaction data extracted from the Point of Sale (POS)
system of Pertamina gas stations in DKI Jakarta Province for the year 2024. The secondary data
used was sourced from fuel sales transaction records through the Point of Sale (POS) system at all
gas stations in DKI Jakarta Province in 2024. This data included information on transaction time,
type of fuel product purchased, purchase volume, and frequency of MyPertamina application use
by consumers. The data on the number of active MyPertamina users up to September 2024 and
the results of the 2023 user survey were used only in a limited capacity to support the compilation
of the background section and were not processed in the data analysis stage. The data required
for this research consisted of secondary data sourced from the company's internal systems,
specifically those related to fuel sales transactions through the MyPertamina application, as well
as supporting data used in compiling the background.

The primary data source was internal subsidized fuel sales transaction data extracted
from the Point of Sale (POS) system of Pertamina gas stations in DKI Jakarta Province for the year
2024. The transaction data used for modeling was internal operational (primary-sourced) data
obtained from the company's POS systems, not derived from literature. Supporting contextual
data (active user counts and the 2023 survey) were used only for the background section and
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were not included in the modeling analysis. This data included information on transaction time,
type of fuel product purchased, purchase volume, and frequency of MyPertamina application use
by consumers.

The data analysis followed the CRISP-DM (Cross-Industry Standard Process for Data
Mining) framework in the following sequential stages (Azeroual et al, 2025): (1) Business
Understanding defining research objectives and analytical questions; (2) Data Understanding
collecting and exploring the POS dataset to assess data quality and attribute characteristics; (3)
Data Preparation including data selection, cleaning, transformation, and integration; (4) Modeling
building and comparing Decision Tree, Gradient Boosted Trees, and Decision Stump classification
models in RapidMiner; (5) Evaluation comparing model performance using accuracy, precision,
recall, F1-score, and AUC metrics; and (6) Deployment translating modeling results into the G-
STIC business strategy framework.

The total data population was 7,473,523 transactions; for computational efficiency,
stratified sampling was conducted, yielding a sample of 8,000 transactions consisting of 5,200
MyPertamina transactions and 2,800 cash transactions. A 90/10 training-testing split (7,200
training / 800 testing) was applied. Due to computational resource constraints, k-fold cross-
validation was not applied in this study. This represents a methodological limitation that may
introduce optimistic bias in accuracy estimates. Future research is recommended to validate the
model using k-fold cross-validation or out-of-sample testing on data from other provinces to
assess generalizability.

RESULT AND DISCUSSION

Result

Analysis of Factors Influencing the Level of Use of the MyPertamina Application by Consumers at Gas

Stations

In evaluating the most optimal model for predicting the behavior of consumers using the

MyPertamina application at gas stations in the Jakarta Province area, a modeling stage was carried

out using a machine learning-based classification method.

1. Business Understanding. The central business questions guiding this analysis are: (a) Which
gas station and transaction attributes most strongly predict whether a consumer will pay via
MyPertamina or cash? (b) Which classification model best separates these two behaviors? (c)
How can model outputs be translated into a governance and service strategy to increase
MyPertamina adoption, usage intensity, and loyalty? MyPertamina serves as Pertamina's
primary digital retention tool; however, persistent loyalty gaps-5.65% active rate, 11.5% loyal
rate-indicate that the application's value proposition has not yet been operationally embedded
across the gas station network (Prastiyo & Lahindah, 2024).

2. Data Understanding. In this stage, data was collected from downloaded detailed data on
subsidized fuel sales transactions at gas stations in the DKI Jakarta Province in 2024, available
on the Pertamina dashboard and sourced from the PC POS of each Pertamina gas station in
Excel format. For this study, the author only collected data relevant to the data mining
objectives, including variables such as gas station code, city, product, volume sold, transaction
type, transaction time, gas station class, and gas station type. Regarding data governance: the
dataset contains no personal customer identifiers. Transaction records are anonymized at the
aggregate POS level, with gas station codes serving as station-level identifiers rather than
individual consumer identifiers. No customer names, IDs, or personal data were included in
the analysis dataset, ensuring compliance with applicable data privacy standards.

3. Data Preparation. Given the limited computing resources and the need for efficiency, a
stratified sampling strategy was implemented to select 8,000 transaction data points (5,200
MyPertamina; 2,800 cash) from the total population of 7,473,523. The stratification was based
on the original class proportions in the population (approximately 65% MyPertamina, 35%
cash), intentionally preserving the natural imbalance to maintain representativeness and
ecological validity. This proportional stratification means the model's performance metrics
reflect real-world class distribution; however, it also means results may be less generalizable
to gas stations with markedly different adoption profiles outside DKI Jakarta.

Data preparation involved the following sub-stages: 1) Data Selection: Variables used: Gas
Station Code, City, Product, Time_Category, Gas Station Type, Gas Station Class, Volume Sold.
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Transaction Type is designated as the label/target variable and was excluded from the feature
set to prevent data leakage. 2) Data Cleaning: Steps included eliminating duplicates, checking
for missing values, standardizing variable types for RapidMiner compatibility, and validating
data units and outlier detection.

Table 1. Final Dataset

SPBU_Code City Product Sold_ Time_ SPBU SPBU_Class Transaction
Volume Category _Type _Type
3113730  Central  PERTALITE 8.0974 evening COCO SPBU Pasti My
Jakarta 86785 Prima Pertamina
Level
3413810 North PERTALITE 7.6552 morning DODO SPBU Pasti My
Jakarta 71506 Prima Pertamina
Level
3489636 East PERTALITE 16.389 morning DODO SPBU Pasti My
Jakarta 59037 Prima Pertamina
Level
3115318  Central = PERTALITE 4.1187 morning COCO SPBU Pasti My
Jakarta 6849 Prima Pertamina
Level
3113830 North PERTALITE 30.622 morning COCO SPBU Pasti My
Jakarta 78027 Prima Pertamina
Level
3411706 West PERTALITE 10 evening DODO Basic Cash
Jakarta
3410504  Central = PERTALITE 20 morning DODO Basic Cash
Jakarta
3116612 East PERTALITE 30.025 evening COCO Basic My
Jakarta 24864 Pertamina
3413903 East PERTALITE 3.5009 morning DODO Basic Cash
Jakarta 99928
3414306 North BIO_SOLAR 19.118 afternoon DODO Basic Cash
Jakarta 00003

Source: Researcher (2025)

a) Data Transformation: Normalization and standardization were applied to numerical
variables (Volume Sold). Categorical variables were numerically encoded for correlation
analysis. The dataset falls under supervised learning, with Transaction Type as the
classification label.
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Figure 2. Data Statistics
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Source: Researcher (2025)

Figures 1 and 2 illustrate the final dataset used in the study and a summary of its statistics
and characteristics after the cleaning and transformation stages. Figure 1 shows an example of a
transaction data structure containing key attributes such as Gas Station Code, City, Product, Sold
Volume, Category Time, Gas Station Type, Gas Station Class, and Transaction Type as labels
(MyPertamina or Cash). Next, Figure 2 displays statistics for each attribute, including data type
(nominal/binominal/real), minimum-maximum and average values for the numeric variable
(Sold Volume), as well as the category distribution for nominal variables such as transaction time
(morning/afternoon/evening/night), gas station class and type, and class composition within
Transaction Type. These visualizations confirm that the dataset is ready to be used for
classification modeling to predict payment methods and identify factors related to MyPertamina
usage.

Correlation Matrix

Correlations involving nominal variables (City, Product, Gas Station Code) require careful
interpretation. For this study, nominal variables were numerically encoded prior to Pearson
correlation analysis. It is acknowledged that this approach does not capture the full relational
structure of categorical data. A more robust complementary approach such as chi-square tests or
Cramér's V for nominal-nominal associations is recommended in future work. The strong negative
correlation of Gas Station Code (-0.665) is interpreted as an ID effect reflecting inter-station
variability in adoption rather than a causal factor; model-based feature importance (e.g., SHAP
values) would provide a more defensible measure of this attribute's contribution. The correlation
analysis was conducted in RapidMiner following the process illustrated in Figure 3.

Retrieve Data SPBU A...
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Figure 3. Matrix Correlation Test in RapidMiner
Source: Researcher (2025)

The execution and results are displayed as follows.

Table 2. Correlation Matrix Test Results

No. Attribute Correlation Coefficient Direction of Relationship
1  Gas Station Type +0.525 Strong Positive
2 Gas Station Class +0.489 Strong Positive
3 C(City +0.315 Moderate Positive
4  Volume Sold +0.281 Weak Positive
5 Product +0.226 Weak Positive
6  Time Category -0.044 Weak Negative
7  Gas Station Code -0.665 Strong Negative (ID effect®*)

Source: Researcher (2025)
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Table 3. Results of the Correlation Matrix Test on Transaction Types

No Attributes Correlation Coefficient Direction of Relationship
1 Gas Station Type +0.525 Strong Positive
2 Gas Station Class +0.489 Strong Positive
3 City +0.315 Weak Positive
4 Volume Sold +0.281 Weak Positive
5 Product +0.226 Weak Positive
6 Time Category -0.044 Weak Negative
7  Gas Station Code -0.665 Strong Negative

Table 3 above illustrates the results of the correlation analysis between factors influencing

consumer usage of the MyPertamina application at gas stations. A value closer to 1 indicates a
strong positive correlation between the two variables. Conversely, a value closer to -1 indicates a
strong negative correlation between the two variables. Meanwhile, a value closer to 0 indicates a
weak correlation between the two variables. The figure above reveals the following correlations
between factors:

1.

Gas station type has a strong positive correlation with MyPertamina transaction usage. This
indicates that consumers are more likely to use MyPertamina at gas stations with certain types
of ownership and management, which have more standardized operational governance.

. Gas station class has a strong positive correlation with MyPertamina transaction usage. This

indicates that gas stations with higher service classes tend to have better MyPertamina
adoption rates, along with more optimal service quality and compliance with operational
standards.

. City has a weak to moderate positive correlation with MyPertamina transaction usage. This

indicates that regional characteristics, such as urbanization levels and digital literacy, also
influence consumer preferences for digital transactions, although the effect is not dominant.
Volume Sold has a weak positive correlation with MyPertamina transaction usage. This
indicates that consumers with larger fuel purchase volumes tend to use MyPertamina slightly
more frequently than consumers with smaller purchase volumes.

. Product has a weak positive correlation with MyPertamina transaction usage. This indicates

that the type of fuel purchased is not a major factor driving MyPertamina usage, as the app is
used relatively evenly across various product types.

. Time Category has a weak negative correlation with MyPertamina transaction usage. This

indicates that transaction time, whether morning, afternoon, evening, or night, does not
significantly influence consumers' decisions to use MyPertamina.

Gas Station Code has a strong negative correlation with MyPertamina transaction usage. This
indicates that there are significant differences in MyPertamina usage levels across gas stations,
with certain gas stations still dominated by cash payments compared to digital transactions
using MyPertamina.
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Figure 4. Heatmap Visualization of Correlation Matrix Test Results
Source: Researcher (2025)

The correlation results confirm that MyPertamina application usage is primarily driven
by gas station governance characteristics Gas Station Type and Gas Station Class rather than
transaction-level attributes. Gas stations with more standardized ownership types and higher
service classes demonstrate higher MyPertamina adoption, consistent with the operational
readiness and SOP compliance literature (Fahndrich, 2023). These findings align with recent
empirical studies on MyPertamina adoption that highlight the centrality of physical infrastructure
and organizational readiness in enabling digital transaction behavior Pratama (2025); Aditya
(2025), suggesting that the quality and governance of gas station operations directly enable or
constrain MyPertamina usage (Kusuma et al., 2022).

Modeling

Within the CRISP-DM framework, the modeling phase applies three classification
algorithms Decision Tree, Gradient Boosted Trees, and Decision Stump selected for their ability
to handle tabular, heterogeneous transaction data and produce interpretable outputs (Cai et al.,
2022; Khataei & Bazargan, 2025; Shimaoka et al.,, 2024).

The modeling process in RapidMiner was executed in five core steps: (1) Data ingestion
importing the prepared .csv dataset and configuring attribute roles (Transaction Type as label;
remaining attributes as features); (2) Data splitting applying a 90/10 stratified split (7,200
training / 800 testing); (3) Model training running Decision Tree, Gradient Boosted Trees, and
Decision Stump operators on the training partition; (4) Model application applying each trained
model to the test partition using the 'Apply Model' operator; and (5) Performance evaluation
measuring accuracy, precision, recall, F1-score, and AUC for each model using the 'Performance
(Classification)' operator.
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Figure 5. Compiling the Classification Method Algorithm Model in RapidMiner
Source: Researcher (2025)
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Decision Tree Model Performance Results

Decision Tree Model: Accuracy 96.00% — 504 MyPertamina and 264 Cash transactions
correctly classified, with 16 misclassifications in each class. Precision and recall for MyPertamina:
96.92%; for Cash: 94.29%. Fl-score (MyPertamina): 96.92%; F1-score (Cash): 94.29%. AUC:
0.971, indicating excellent discriminative ability. The Decision Tree offers strong interpretability
through hierarchical decision rules, though its generalization may be limited compared to
ensemble methods.

accuracy: 96.00%

true My Pertamina true Cash class precision
pred. My Pertamina 504 16 96.92%
pred. Cash 16 264 94.29%

class recall 96.92% 94.29%

Figure 6. Performance Model Decision Tree
Source: Researcher (2025)

Gradient Boosted Trees Model: Accuracy 97.75% — 509 MyPertamina and 273 Cash
transactions correctly classified. Precision/recall for MyPertamina: 98.64%/97.88%; for Cash:
96.13%/97.50%. Fl-score (MyPertamina): 98.26%; F1l-score (Cash): 96.81%. AUC: 0.993,
reflecting near-perfect class separation. The GBT model excels at capturing nonlinear patterns
and interaction effects between gas station attributes.

Performance Results of the Gradient Boosted Trees Model

accuracy: 97.75%

true My Pertamina true Cash class precision
pred. My Pertamina 509 7 98.64%
pred. Cash 11 273 96.13%

class recall 97.88% 97.50%

Figure 7. Performance of the Gradient Boosted Trees Model
Source: Researcher (2025)

Decision Stump Model: Accuracy 91.00% limited to a single decision rule. While the model
achieves 100% precision for MyPertamina and 100% recall for Cash, the recall for MyPertamina
(86.15%) and precision for Cash (79.55%) reveal significant class imbalance in performance. F1-
score (MyPertamina): 92.59%; F1-score (Cash): 88.37%. AUC: 0.931. This model serves as a useful
baseline but is unsuitable for deployment.

Decision Stump Model Performance Results

accuracy: 91.00%

true My Pertamina true Cash class precision
pred. My Pertamina 448 0 100.00%
pred. Cash 72 280 79.55%

class recall 86.15% 100.00%

Figure 8. Performance Model Decision Stump
Source: Researcher (2025)
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Table 4. Expanded Model Performance Comparison (with F1-Score and AUC)

Model Accurac Prec. Recall Prec. Recall F1 MP / Cash |
Y wmp MP Cash Cash AUC
1< 0, 0,
Decision 91.00% 100.00% 86.15%  79.55%  100.00% ~2>°%/88.37%]
Stump 0.931
0, 0,
Decision Tree  96.00%  96.92% 96.92%  94.29% 94.29% 9692 /8 (/93;}.29 %l
Gradient 98.26% / 96.81% |

97.75%  98.64% 97.88% 96.13% 97.50%

Boosted Trees 0.993

MP = MyPertamina

Source: Researcher (2025)

Implications for Digital Transaction Adoption Strategy: The superiority of Gradient
Boosted Trees translates directly to strategic value: the model's high recall for MyPertamina
(97.88%) minimizes 'missed conversions'-cash users who should have been identified as
MyPertamina-convertible-while its high precision (98.64%) reduces misdirected interventions.
In terms of error cost asymmetry, Type Il errors (MyPertamina predicted as Cash) are considered
more costly for business purposes, as they represent missed revenue and loyalty-building
opportunities; the GBT model's performance is favorable on this dimension. The model outputs a
probability score per transaction that can serve as a conversion risk score for operational
targeting (threshold ,ae 0.65 recommended for high-confidence MyPertamina-convertible
identification).

Model Evaluation

The evaluation phase of this project focused on answering the second problem
formulation in the capstone document, namely determining the most optimal machine learning-
based prediction model for predicting MyPertamina app usage behavior compared to cash
transactions at gas stations in the DKI Jakarta Province. Based on the confusion matrix in the
appendix, the total test data consisted of 800 observations, consisting of 520 MyPertamina
transactions and 280 cash transactions. The evaluation, available in the appendix, covers
accuracy, class precision, and class recall for two classes (MyPertamina and Cash).

1. Decision Tree. The Decision Tree model demonstrated excellent performance with an accuracy
of 96.00%, as well as high and relatively balanced precision and recall values for both
transaction classes (MyPertamina and cash). This model was able to correctly classify most
transactions and had a low error rate. Furthermore, the Decision Tree offers the advantage of
interpretability, as its structure can depict the influence of key attributes on MyPertamina
usage hierarchically. However, compared to more complex models, the Decision Tree's
generalization capabilities can still be improved.

2. Gradient Boosted Trees (GBT). The Gradient Boosted Trees model produced the best
performance among the three models, with an accuracy of 97.75%, as well as very high
precision and recall values that were more balanced across both classes. This model was able
to minimize misclassification of both MyPertamina and cash transactions. The advantage of
Gradient Boosted Trees lies in its ability to capture nonlinear patterns and interactions
between variables by gradually combining multiple decision trees, resulting in a model with
better predictive power and generalization than a single Decision Tree.

3. Decision Stump. The Decision Stump model had the lowest accuracy (91.00%) compared to the
other two models. Although it achieved 100% precision in the MyPertamina class and 100%
recall in the cash class, this model exhibited imbalances in performance between classes. The
lower recall value for MyPertamina indicates that some MyPertamina transactions were not
detected and classified as cash transactions. This reflects Decision Stump's limitations in
capturing the complexity of relationships between variables because it only uses a single
decision rule. Therefore, this model is more appropriate to use as a baseline model.

Table 5. Comparison of Classification Algorithm Model Performance
Precision Recall Precision
Model Accuracy MyPertamina MyPertamina Cash Recall Cash
Decision 91.00% 100.00% 86.15% 79.55% 100.00%
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Stump
Decision Tree 96.00% 96.92% 96.92% 94.29% 94.29%

Gradient 97.75% 98.64% 97.88% 96.13% 97.50%

Boosted Trees
Source: Researcher (2025)

Based on the criteria available in the appendix (accuracy, precision, recall), the optimal
machine learning-based prediction model in predicting the behavior of MyPertamina application
usage at gas stations in the DKI Jakarta Province is Gradient Boosted Trees because it has the
highest accuracy compared to other models, an excellent balance of precision and recall in both
transaction classes thus minimizing classification bias and stronger generalization capabilities,
especially in capturing complex patterns and nonlinear relationships between attributes that
influence MyPertamina usage, thereby reducing two main risks: (1) Cash that "escapes” the
conversion target (Cash predicted as MyPertamina) and (2) MyPertamina users who are
mistakenly treated as Cash (MyPertamina predicted as Cash). These results are in accordance with
literature findings that the Gradient Boosted Trees model tends to excel in binary classification
and can be optimized through loss function design to be more robust, including in scenarios that
require control over the consequences of misclassification (Mushava & Murray, 2024).

Discussion
Business Strategy Using the G-STIC Method as an Effort to Sustainably Increase the Level of Adoption,
Intensity of Use, and Consumer Loyalty to the Mypertamina Application

At the Strategy stage, the highest correlations between gas station types and classes
should be used as a basis for governance differentiation. COCO tends to be easier to standardize
because operational control rests with the corporation. Therefore, the strategy is to make COCO,
especially the Pasti Prima class, the benchmark for end-to-end digital service processes (queue
layout, digital lanes, device readiness, training, and communication standards). Conversely, for
CODO and DODO, success is heavily influenced by incentive alighment and implementation
discipline at the operator/owner level; therefore, the strategy needs to combine capability
development, strengthened compliance controls, and a KPI-based incentive scheme. Gas station
class differentiation also determines the design of the service experience: for Pasti Prima, the
strategy focuses on service excellence and reliability (strengthening the premium experience),
while for Pasti Pas/Basic, the strategy must close gaps in device, network, and competency
readiness to prevent digital transactions from increasing service friction. Therefore, the strategy
is not based on marketing segmentation, but rather on an operational control architecture aligned
with ownership structure and service standards. Based on the classification modeling results,
Gradient Boosted Trees was determined as the best model with 97.75% accuracy and balanced
precision-recall for both MyPertamina and cash classes, thus used as the basis for determining
targets and priorities for the G-STIC strategy. This model produces a MyPertamina usage
probability score for each combination of Gas Station Type, Gas Station Class, City, Volume Sold,
Product, Time Category, and Gas Station Code attributes, which are then utilized in the Goal stage
to formulate targets for increasing the portion of MyPertamina transactions, liters sold via the
application, and reducing the dominance of cash transactions at high-risk gas stations. In the
Strategy stage, the prediction score directs the differentiation of governance and service
experience: the Pasti Prima class COCO serves as an end-to-end digital benchmark, while
CODO/DODO and lower-middle class gas stations with high cash probability are focused on policy
harmonization, incentive schemes, service leveling, and strengthening digital infrastructure. The
Tactics Implementation-Control phase is implemented through a package of concrete programs
gas station incentives, volume-based rewards and personalized notifications, location campaigns
in cities with low adoption, time-based incentives and fast lanes during peak hours, and the SPBU
Champion program which are implemented in stages (pilot-scale-standardize) and monitored
through a dashboard that combines model scores with operational KPIs. This ensures that the
strategy to increase MyPertamina adoption, usage intensity, and loyalty is more focused,
measurable, and sustainable because it relies on the most accurate model predictions.

The Tactics Implementation Control phase should be viewed as an inseparable package.
Strong tactics but weak implementation will result in variations in execution quality between gas
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stations; conversely, implementation without control will degrade process discipline after the
initial phase of the program. Therefore, tactics need to be concrete: simplifying digital service
SOPs (including failure and fallback handling), appointing digital champions during busy shifts,
visual management at service points, and integrating promotions that do not disrupt queue flow.
Implementation must be gradual (pilot-scale-standardize) with a clear PIC and a realistic
timeline, while control is conducted through a dashboard that monitors myPertamina transaction
share, success rate, service time, and compliance indicators. Control management studies show
that digitalization requires adaptation of control instruments, competencies, and governance so
that controls can quickly read operational data and drive corrective actions, not just reporting
(Fahndrich, 2023). On the demand side, digital payment adoption is not homogeneous; differences
between adopters and non-adopters require appropriate on-site enablement and communication
tactics to increase the diffusion of myPertamina usage without compromising the service
experience (Dash et al., 2023).

A structured implementation plan to translate the G-STIC strategy into concrete
operational steps across seven focus variables, complete with a division of PIC roles and a
quarterly implementation schedule for 2025-2026. For the Gas Station Type variable,
implementation is directed at developing and ratifying MyPertamina performance incentive
policies for each gas station type, developing uniform digital service SOPs across types, and
providing outreach and training to gas station owners/managers. This will be coordinated by the
RFS, HC, and Hiswana Migas functions, with phases starting in Q1 to Q4 2026. For the Gas Station
Class variable, the work plan focuses on establishing minimum standards for MyPertamina
facilities and equipment, a baseline audit of equipment and service readiness, and a facility
improvement program at mid-range/low-end gas stations. This will be implemented in stages by
the RFS, Hiswana Migas, the gas station, and independent auditors, leading to a re-audit in Q4
2026.

For the City variable, implementation includes identifying cities with the lowest adoption
based on transaction data, developing local campaigns, and providing network support (Wi-
Fi/signal boosters) at gas stations with connectivity issues. RFS, RBS, and Hiswana Migas will act
as PICs, with the implementation schedule running from Q1 to Q4 2026. For the Volume Sold
variable, implementation steps use the Gradient Boosted Trees predictive model to map gas
stations and high-risk cash customer segments, design a volume-based rewards program, and
activate personalized notifications for high-volume customers, implemented by RFS and Hiswana
Migas from Q1 to Q4 2026. For the Product variable, the work plan emphasizes determining
priority products that are still predominantly cash-based, developing specific promotional
packages, and adjusting the application's appearance to ensure easy access to quota information
and purchase history. RFS and RBS will act as PICs, overseeing the design, launch, and evaluation
stages of the promotion throughout 2026.

For the Time Category variable, implementation focuses on determining peak and off-peak
hour categories per gas station, developing dedicated MyPertamina queue lines during peak
hours, preparing digital companions, and implementing happy hour promotions during off-peak
hours. This is led by RFS through the time slot and queue scheme design phase (Q1), trials at pilot
gas stations (Q2), and rollout with improved mechanisms (Q3-Q4 2026). Finally, for the Gas
Station Code variable, the implementation plan includes the development of a performance
dashboard per Gas Station Code, classification of Gas Stations into champion, developing, and
lagging, as well as the implementation of the MyPertamina Champion Gas Station program in the
form of awards and mentoring, which is coordinated by RFS and RBS with the stages of dashboard
development (Q1), program implementation and coaching (Q2-Q3), as well as review of results
and adjustment of targets for the following year in Q4 2026.

CONCLUSION
This study demonstrates that MyPertamina application adoption at gas stations in DKI
Jakarta is primarily driven by gas station operational governance particularly Gas Station Type (r
= +0.525) and Gas Station Class (r = +0.489) rather than transaction-level attributes such as
product type or time of day. Gradient Boosted Trees emerged as the optimal classification model
(accuracy: 97.75%; F1l-score MyPertamina: 98.26%; AUC: 0.993), confirming the feasibility of
machine learning-based behavioral prediction in energy retail contexts, consistent with recent ML
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applications on MyPertamina data. The G-STIC strategic framework translates these findings into
a five-tier governance differentiation model, linking model-derived risk scores to targeted
programs across gas station segments from end-to-end digital standardization at COCO/Pasti
Prima stations to infrastructure gap-filling at DODO/Basic stations. Academically, this study
contributes to literature on digital service quality and technology adoption in the energy sector
by demonstrating the centrality of supply-side facilitating conditions in driving consumer digital
transaction behavior, consistent with recent frameworks on digital adoption in fuel retail.

This study has several limitations that future research should address. First, the 90/10
split without cross-validation may introduce optimistic bias; replication with k-fold cross-
validation is recommended, as applied in similar ML-based MyPertamina studies. Second, the
single-city scope (DKI Jakarta) limits generalizability; external validation in provinces with lower
digital literacy or different gas station network compositions is necessary. Third, sampling bias
may exist as stratified proportional sampling preserves the DKI Jakarta class distribution, which
may not reflect national patterns. Future research should incorporate multi-province datasets,
explore deep learning architectures, and examine longitudinal adoption trajectories particularly
in light of Indonesia's evolving fuel subsidy digitalization policy.
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