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Abstract

This Routine-to-Research (R2R) study aims to develop an artificial intelligence prototype using machine
learning techniques to classify supplies and durable assets in accordance with the Budget Bureau standards,
employing Orange Data Mining software as the primary tool. The research methodology involved training predictive
models using Logistic Regression and Neural Network algorithms. These developed prototypes were subsequently
tested on actual procurement items of the faculty from the 2024 performance evaluation year, comprising 204
entries. The experimental results indicated that Prototype 1, trained on 171 sample items, yielded F1-scores of
0.818 for Logistic Regression and 0.814 for Neural Network. Conversely, Prototype 2, which integrated an additional
652 training samples (bringing the total dataset to 823 items), demonstrated a substantial improvement in
classification performance. Specifically, the F1-score for Logistic Regression increased to 0.886 (a 6.80% increase),
and the Neural Network F1-score reached 0.881 (a 7.30% increase). These findings confirm that expanding the
training dataset directly enhances the prototype's classification efficiency. In conclusion, machine learning
techniques can be effectively utilized to construct classification prototypes for faculty procurement processes. The
Logistic Regression model emerged as the most appropriate and highly efficient approach, delivering precise results
with lower model complexity. For future research, continuously incorporating newly generated procurement data

into the training phase is recommended to further enhance the prototype’s classification accuracy and robustness.

Keywords: Machine Learning, Procurement Classification, Materials and Durable Articles, Orange Data Mining,
Routine-to-Research (R2R)
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