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Abstract  

This study examines vehicle characteristics contributing to motor vehicle tax arrears 

classification in the context of UPTD PEPENDA Simalungun. The dataset contains 68,872 

vehicles with three payment statuses. Binary analysis includes 66,887 records labelled as 

overdue or paid; 1,985 unpaid records are excluded pending clarification of their operational 

definition. Six predictors comprise brand, model, vehicle category, manufacturing year, 

registration plate colour, and tax amount. Data are partitioned by tax expiry year: 2023 for 

training, 2024 for validation, and 2025 for testing. Logistic regression provides a baseline for 

Random Forest and Histogram Gradient Boosting. Random Forest is selected using validation 

balanced accuracy of 0.5912 at a threshold of 0.60. Test ROC-AUC is 0.5452, balanced 

accuracy is 0.5356, overdue recall is 64.70%, and paid specificity is 42.41%. Interventional 

Shapley analysis of a test sample identifies manufacturing year, tax amount, and vehicle model 

as the largest absolute contributors. Discrimination remains limited, and feature contributions 

do not establish causal effects. Missing payment and extraction timestamps restrict the 

findings to exploratory payment-status classification rather than demonstrated prospective 

prediction. 
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Introduction  

Managing motor vehicle tax arrears requires information that helps tax administrators 

understand payment patterns. Administrative records provide vehicle characteristics, tax 

amounts, and payment statuses that can be analysed together. However, a model that produces 

classifications does not necessarily discriminate adequately between payment outcomes. 

Evaluation must consider the class distribution and examine the information underlying model 

predictions. 

Putri and Junawan examined motor vehicle tax compliance at SAMSAT Binjai [1]. 

Malau, Ramadhan, and Irawan investigated the implementation of SIGNAL to support taxpayer 

compliance from a technology acceptance perspective [2]. These studies provide context on tax 

payments and public services. However, findings from another region or administrative unit do 

not establish the same patterns in Simalungun. Vehicle characteristics alone also cannot reveal 

taxpayer awareness, trust, or service experiences. 

Studies involving lecturers from Universitas Pembangunan Panca Budi (UNPAB) applied 

C4.5 classification to property tax payment compliance and tax bill categories [3], [4]. An 

algorithm comparison by Siahaan and colleagues provides methodological context for Random 

Forest and XGBoost [5]. Differences in study objects and outcome labels limit the 

transferability of performance results. This paper uses those studies to frame the comparison 

and evaluates models using the available motor vehicle tax records. 

Economic approaches to tax compliance examine taxpayer decisions in relation to 

incentives and enforcement [6]. The slippery slope framework emphasises trust in authorities 

and enforcement power [7]. These perspectives indicate that administrative indicators are not 

equivalent to taxpayer motivation. Because the dataset does not directly measure perceptions, 

this study focuses on predictive associations with recorded payment status. 

The study addresses three questions. First, what payment-status distribution and data 

characteristics are available for classification? Second, how do Random Forest and Histogram 

Gradient Boosting compare with logistic regression and a majority-class baseline when 

evaluated across tax expiry years? Third, which features make the largest absolute contributions 

to the selected model according to Shapley explanations? 

The empirical contribution comprises model comparison across separate expiry-year 

groups, evaluation that accounts for class imbalance, and interpretation of feature contributions 

within the limits of model performance. The study does not assume that ensemble methods 

always perform better. Weak results remain useful for assessing whether the available variables 

are sufficient before a model supports tax administration. The study also distinguishes 

classification within a single dataset from risk prediction before a payment deadline, which 

requires more complete observation timestamps. 

 

Literature Review 

1. Tax Compliance and Administrative Classification 

The Allingham and Sandmo model provides an economic foundation for understanding 

tax decisions [6]. Applying this perspective to vehicle tax arrears requires care because 

administrative status may also reflect recordkeeping problems, ownership changes, or service 

access. The slippery slope framework relates compliance to trust and enforcement [7]. This 

study does not directly test these theoretical constructs because survey and behavioural 

measurements are unavailable. 

 

Table 1. Relevance of five publications involving UNPAB lecturers 

Reference Study focus Role in this paper 

[1] Putri and Junawan Vehicle tax compliance in Binjai Motor vehicle tax payment context 

[2] Malau et al. SIGNAL and taxpayer compliance Service and technology acceptance 

context 
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Reference Study focus Role in this paper 

[3] Siahaan et al. Property tax compliance 

classification 

Classification in tax administration 

[4] Siahaan et al. Property tax bill classification Differences in labels and 

classification goals 

[5] Siahaan et al. Comparison of pistachio 

classifiers 

Methodological context; not tax 

performance evidence 

 

2. Ensemble Learning and Evaluation 

Random Forest aggregates trees constructed through randomisation to produce 

predictions [8]. Gradient boosting builds models sequentially to reduce a loss function [9]. 

XGBoost is a development of tree boosting systems [10], but it was not run in this 

experiment. The study evaluates Random Forest and Histogram Gradient Boosting as two 

ensemble methods, with logistic regression as a simpler comparator. The two ensemble 

models are evaluated separately rather than combined through stacking. 

With imbalanced outcomes, the majority class can dominate accuracy. Precision-recall 

curves help assess class separation under these conditions [13]. Calibration also matters when 

model outputs are interpreted as probabilities [15]. The study reports ROC-AUC, balanced 

accuracy, average precision for both classes, and the Brier score to avoid relying on a single 

performance measure. 

3. Model Explanations 

SHAP decomposes model outputs into a baseline value and feature contributions [11]. 

Aggregating local explanations can help characterise broader model behaviour [12]. However, 

dependence between features can affect attribution [17]. This study uses model-agnostic 

interventional Shapley explanations for six original features. These contributions explain model 

outputs; causal conclusions require a separate research design. Interpretability considerations 

also support comparison with simpler models [18]. 

 

Research Methodology 

The study uses an observational predictive design and secondary records from 

data_prapemrosesan.csv in the context of UPTD PEPENDA Simalungun. The analytical unit 

is one uniquely identified vehicle in the file. The dataset contains 68,872 rows and 10 

columns. CSV inspection found no missing values, exact duplicate rows, or repeated vehicle 

registration numbers. These checks constitute an initial technical audit and do not establish 

the substantive accuracy of every entry. 

The tax expiry date column was parsed using the YYYY-MM-DD format. All dates 

were readable, ranging from 2 January 2023 to 31 December 2025. Tax amounts were 

converted from comma-formatted text into numeric values and ranged from IDR 12,000 to 

IDR 27,132,000. Manufacturing years ranged from 1938 to 2024 and did not exceed the tax 

expiry year in any record. Extreme values were retained because there was insufficient 

evidence to classify them as errors. 

 

Table 2. Payment-Status Distribution In The Source Dataset 

Status Number of vehicles Percentage 

Overdue 62,944 91.39% 

Paid 3,943 5.73% 

Unpaid 1,985 2.88% 

 

Binary analysis included 62,944 vehicles labelled MENUNGGAK (overdue) as class 1 

and 3,943 labelled SUDAH BAYAR (paid) as class 0, giving 66,887 vehicles. A further 1,985 

vehicles labelled BELUM BAYAR (unpaid) were provisionally excluded. Without the source 
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definition, it is unclear whether this category denotes arrears or an obligation that has not yet 

passed its payment deadline. The analysis uses the recorded source labels rather than 

reconstructing payment status from dates. 

 

Table 3. Data Partition By Tax Expiry Year 

Partition Year Total Overdue Paid 

Training 2023 18148 17859 289 

Validation 2024 20574 19754 820 

Testing 2025 28165 25331 2834 

 

The file does not include extraction dates, payment dates, status-update timestamps, or 

historical snapshots. Consequently, partitioning by tax expiry year evaluates pattern transfer 

between year groups but does not demonstrate prospective prediction before a payment 

deadline. All statuses may originate from a single extraction snapshot. This limitation restricts 

interpretation to exploratory classification of recorded payment status. 

1. Predictors and preprocessing 

Six predictors were used: brand (MERK), vehicle model (TYPE), vehicle category 

(JENIS), manufacturing year (TAHUN BUAT), plate colour (TNKB), and tax amount 

(NOMINAL PKB). Registration numbers and detailed addresses were excluded. Tax expiry 

dates defined the data partition and were not predictors. Rare categories were grouped using a 

minimum frequency of 50 and a maximum of 100 categories per column. One-hot encoding 

handled infrequent and previously unseen categories. Numeric variables used median 

imputation and standardisation. All transformations were fitted exclusively on training data to 

limit information leakage [19]. 

2. Model development and selection 

Logistic regression used C = 1 and a maximum of 1,000 iterations. Random Forest used 

180 trees, a maximum depth of 14, at least 10 observations per leaf, and balanced_subsample 

class weights. Histogram Gradient Boosting used 160 iterations, at most 15 leaves, a learning 

rate of 0.06, L2 regularisation of 5, and balanced class weights. The random seed was 42. 

Models were implemented using scikit-learn 1.8.0 [20]. These were fixed initial configurations 

rather than results of comprehensive hyperparameter optimisation. 

Models were trained exclusively on the 2023 records. Classification thresholds from 0.05 

to 0.95, in increments of 0.01, were evaluated using the 2024 validation set. Model and 

threshold selection followed the highest validation balanced accuracy. Separation of 

development and evaluation follows model-validation principles [16], with an explicit expiry-

year partition. Models were not refitted by combining training and validation data after 

selection. SMOTE [14] was not applied; class weights addressed the imbalance. 

3. Performance assessment 

The 2025 test set was not used for model or threshold selection. Metrics included 

accuracy, balanced accuracy, overdue precision and recall, paid specificity, overdue F1, macro-

F1, ROC-AUC, average precision (AP) for both classes, and the Brier score. AP refers to 

average precision rather than an interpolated curve area. The baseline classified every vehicle 

as overdue and assigned a constant probability based on training prevalence. For the selected 

model, 95% intervals were estimated using 250 vehicle-level bootstrap samples of the test set, 

with the fitted model and threshold held fixed. 

4. Explainability analysis 

Shapley explanations evaluated all 64 coalitions of the six original features [11]. The 

empirical background comprised 24 training vehicles. The explanation sample included 160 

test vehicles: 80 overdue and 80 paid. Mean absolute contributions were weighted to reflect 

test-set class prevalence. The calculation used an interventional approach with a limited 

empirical background, rather than TreeSHAP or explanations of the entire dataset. Attributions 

were expressed on the uncalibrated model probability-output scale. Additivity was checked 
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against model predictions. The small sample and feature dependence limit ranking stability 

[17]. 

 

 
Figure 1. Research Stages 

 

Results 

1. Model performance 

Random Forest achieved the highest validation balanced accuracy, 0.5912, at a threshold 

of 0.60. Logistic regression and Histogram Gradient Boosting achieved 0.5679 and 0.5732, 

respectively. Table 4 presents test performance after model and threshold selection were locked. 

 

Table 4. Performance On The 2025 Tax Expiry-Year Test Set 

Model Threshold Accuracy Bal. acc. ROC-AUC Paid AP 

Logistic 

Regression 

0.40 0.6628 0.5322 0.5352 0.1161 

Random Forest 0.60 0.6246 0.5356 0.5452 0.1191 

Histogram 

Gradient 

Boosting 

0.59 0.7255 0.5323 0.5388 0.1194 

Majority 

baseline 

0.50 0.8994 0.5000 0.5000 0.1006 
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Random Forest achieved ROC-AUC of 0.5452 with a bootstrap 95% interval of 0.5333–

0.5554, and balanced accuracy of 0.5356 with an interval of 0.5263–0.5436. Paid-class AP was 

0.1191, only slightly above the baseline of 0.1006. Overdue-class AP of 0.9111 should likewise 

be compared with the overdue baseline of 0.8994. The Random Forest Brier score was 0.1689, 

worse than the constant-probability baseline of 0.0977. Model probabilities were not calibrated. 

 

 
Figure 2. ROC For Overdue Vehicles and Precision-Recall For Paid Vehicles 

 

Table 5. Random Forest Confusion Matrix 

Actual Predicted paid Predicted overdue 

Paid 1202 1632 

Overdue 8941 16390 

 

Overdue recall was 64.70%, paid specificity was 42.41%, and overdue precision was 

90.94%. Overdue F1 was 0.7561 and macro-F1 was 0.4707. The model classified 8,941 overdue 

vehicles as paid and 1,632 paid vehicles as overdue. These findings indicate limited separation 

between payment statuses. 

2. Feature contributions 

Table 6 reports weighted mean absolute Shapley contributions in the explanation sample. 

Manufacturing year ranked first, followed by tax amount and vehicle model. These features 

accounted for the largest mean absolute attributions among the six predictors in the analysed 

sample. The ranking is neither a measure of causal strength nor a statistical significance test. 

 

Table 6. Absolute Shapley contributions in the Random Forest model 
Rank Feature Mean absolute contribution 

1 Manufacturing year 0.062003 

2 Tax amount 0.047425 

3 Vehicle model 0.036207 

4 Brand 0.013733 

5 Vehicle category 0.006451 

6 Plate colour 0.001208 
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Figure 2. Weighted mean absolute Shapley values on the model probability-output scale. 

 

The manufacturing-year value of 0.062003 represents the average attribution magnitude 

in the sample, rather than a fixed 6.20% increase in risk. Mean absolute values do not establish 

whether older and newer vehicles have contributions in the same direction. Directional 

interpretation requires examination of feature values and local contributions. Similarly, a small 

contribution for plate colour does not establish that this feature is irrelevant throughout the 

population. 

The maximum difference between the baseline plus all feature contributions and the 

model output was 5.55 × 10⁻¹⁷. This check supports the additive consistency of the calculation. 

However, additivity does not establish predictive quality, the realism of feature combinations, 

or ranking stability. The background of 24 vehicles and explanation sample of 160 vehicles 

make these interpretations exploratory. 

 

Discussion 

The experimental results indicate that the available vehicle characteristics provide limited 

discriminatory information for classifying motor vehicle tax payment status. Random Forest 

achieved the highest validation balanced accuracy of 0.5912 at a threshold of 0.60, but its test 

performance remained limited, with a ROC-AUC of 0.5452 and balanced accuracy of 0.5356. 

The high accuracy of the majority-class baseline (89.94%) was primarily influenced by the 

dominance of overdue vehicles in the dataset. This finding confirms the importance of 

evaluating classification models using multiple metrics, particularly balanced accuracy and 

precision-recall analysis, when dealing with imbalanced datasets [13]. Furthermore, the Brier 

score of 0.1689 indicates that the model's probability estimates require further improvement 

[15]. 

The Shapley analysis identified manufacturing year (0.062003), tax amount (0.047425), 

and vehicle model (0.036207) as the three largest contributors to the model output. These 

findings indicate that vehicle-related administrative characteristics provide different levels of 

information for classification. However, they do not establish causal relationships or directly 

explain taxpayer behaviour. As discussed by Allingham and Sandmo [6] and Kirchler et al. [7], 

tax compliance also involves economic considerations, institutional trust, and enforcement, 

which are not measured in the available dataset. Therefore, future research should incorporate 

more complete historical payment records, verified payment-status definitions, and additional 

administrative variables to improve model reliability. Overall, the findings demonstrate the 

potential of ensemble learning and explainable AI for exploring motor vehicle tax payment 

patterns, although the current model is not yet suitable for reliable operational prediction. 
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Conclusion 

Analysis of 66,887 vehicles showed that Random Forest and Histogram Gradient 

Boosting did not achieve strong payment-status classification across tax expiry-year groups. 

Random Forest, selected using validation data, obtained test ROC-AUC of 0.5452 and balanced 

accuracy of 0.5356 in 2025. Shapley explanations identified manufacturing year, tax amount, 

and vehicle model as the largest absolute contributors in the sample without establishing 

causality. The findings highlight the need for payment histories and verified status definitions. 

With the currently available information, conclusions remain restricted to exploratory 

classification and do not demonstrate prediction before a payment deadline. 
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