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ABSTRACT

Road accidents in Iran cause over 20,000 deaths annually and account for approximately 7%
of GDP. Identifying crash hotspots is one of the most effective strategies to reduce these losses.
Various methods from three categories—traditional statistical, machine learning, and deep
learning—have been proposed for hotspot prediction. However, the lack of a systematic
comparison makes it difficult to select the appropriate method for Iranian roads. Fifteen
prediction methods, including 3 statistical (Crash Frequency, Crash Rate, Empirical Bayes), 4
machine learning (Random Forest, SVM, XGBoost, Decision Tree), and 8 deep learning (CNN,
LSTM, CNN-LSTM, GCN, GAT, STGNN, Transformer, Ensemble), were evaluated across 7
criteria (accuracy, sensitivity, speed, data volume, interpretability, generalizability, technical
expertise). Data were extracted from a systematic review of 90 articles (2019-2025). AHP was
used for weighting and TOPSIS for ranking. The hybrid CNN-LSTM achieved the highest rank
with a TOPSIS score of 0.852. XGBoost was the best machine learning method with 0.795.
Statistical methods ranked last with a mean score of 0.275. The mean score for deep learning
(0.652) was higher than machine learning (0.634) and statistical methods (0.275). Sensitivity
analysis confirmed the stability of the results. The hybrid CNN-LSTM method was selected as
the top-ranked method for predicting crash hotspots on Iranian interurban roads. In very limited
data conditions (fewer than 3,000 records), Empirical Bayes is recommended, and in situations
requiring high interpretability, Decision Tree is proposed.

Keywords: Crash Hotspots, Deep Learning, Machine Learning, Statistical Methods,
AHP-TOPSIS
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