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Fleet membership contributed to predictions but had a comparatively
limited influence.

2. Aims & Objectives 5. Experimentation 7 Conclusions & Future Work

Aim Initial experiments achieved perfect . : Conclusions

classification performance across all three 3 3 : . Machine learning successfully identified feature-based patterns

H within VED compliance data

. Random Forest consistently produced the strongest results

. Vehicle Age was the most influential predictor

. Fleet management company involvement had a measurable but
limited impact on compliance

. Target leakage significantly affected initial model performance

. Explainable Al improved transparency and understanding of model
outputs

Figure 1: 3 Year comparison of Final VED Compliance Figure 2: Research Workflow Diagram

To apply machine learning techniques to VED compliance data to identify patterns

and assess the impact of fleet management companies on compliance behaviour models.

Further investigation revealed significant
target leakage caused by compliance-related
and transaction-derived features. These
variables directly or indirectly revealed the
target outcome, causing the models to
reproduce existing information rather than
identify genuine behavioural patterns.

. After removing leakage-prone features,
3 a Resea Irc Ove rview performance reduced to more realistic levels.

Machine learning has been widely used for classification problems involving 2 ™ T

behavioural prediction and pattern recognition [1]. Logistic Regression was selected AFA 3”1 tL cose Result

igure 3: Target Leakage Results
as an interpretable baseline model [2]. Support Vector Machines can model complex ¢ ¢ ¢ 8_ REfer ces
decision boundaries [3], while Random Forest has demonstrated strong performance
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Objectives

e Evaluate classification algorithms

¢ Build an analytical dataset

* Identify key predictors of compliance
*  Apply Explainable Al techniques

Future Work

. Investigate XGBoost and LightGBM

o Address class imbalance

0 Evaluate additional behavioural datasets

. Assess model stability over longer time periods
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Table 1: Literature Review Findings
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