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Neurosymbolic Approach for Travel Demand Prediction: Integrating Decision Tree Rules into Neural Networks
L introduction

m Accurate travel demand prediction is essential for
transportation planning, congestion reduction, and
infrastructure investment.

m Traditional models (e.g., statistical, time-series) struggle to
capture nonlinear and multidimensional interactions in travel
data.

m Neural Networks (NNs) offer high predictive power but lack
interpretability, crucial for transportation decision-making.
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L introduction

m We propose a Neurosymbolic Al approach integrating
Decision Tree (DT) rules with NNs.

m DTs extract interpretable if~then rules, while NNs model
complex travel demand patterns.

m Encoding DT rules as additional features in NNs bridges
symbolic reasoning and deep learning.

m Our approach improves accuracy (MAE, R2, CPC) while
enhancing interpretability.
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L introduction
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L Related Works

Study Methodology Key Findings

[1] Logistic regression Used for travel demand estimation but limited in
capturing complex interactions.

[2] Neural Networks Effectively captures nonlinear relationships in mobility
data.

[3] Tree-based models 4  Interpretation Boosting trees outperform other models, with feature

techniques importance varying based on hyperparameters.

[4] Extreme Gradient Boosting (XGB) Identifies key factors influencing travel mode choice
using variable importance and interaction analysis.

[5] SHAP analysis + Variable importance Explains travel mode choice by identifying influential
factors such as trip distance, income, and car
ownership.
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LMethodolog;y
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LMethodolog;y
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Table: County-Level Features in Tennessee

Feature Category (Count)

Description

Land Use Counts (2)

NaturalAreaCounts  (forests, agriculture), PublicAreaCounts
(residential, commercial, industrial)

Points of Interests (1)

Counts of educational institutions, commercial areas, healthcare
facilities, entertainment centers

Roads (2)

MajorRoads (highways, expressways), OtherRoads (local, tertiary
roads)

Transportation (1)

Number of airports, railway stations, bus stations

Economic Features (3)

Includes Unemployment Rate, Employed Population, and Sales Tax
Revenue

Ranking (1)

Overall ranking of counties based on health, economic well-being, and
education

Population (1)

Total population count for each county
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LMethodolog;y

Table: 8 Rules Extracted from Decision Tree of Depth 3

Rules
distance_miles < 46.08 AND POls_Destination > 323.0 AND POIs_Origin > 307.0
distance_miles < 46.08 AND POls_Destination > 323.0 AND POIs_Origin < 307.0

distance_miles < 46.08 AND 323.0 > POls_Destination > 243.0
46.08 < distance_miles < 58.77 AND NaturalAreaCounts_Destination > 935.5

distance_miles < 46.08 AND POls_Destination < 243.0

distance_miles > 58.77 AND POls_Destination > 773.5
46.08 < distance_miles < 58.77 AND NaturalAreaCounts_Destination < 935.5
distance_miles > 58.77 AND POls_Destination < 773.5
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LMethodolog;y

Table: Rules and Variance-Based Rules at Different Tree Depths

Depth Al Rules Rules Selected by Variance
0.01 0.001 0.0001
3 8 6 8 8
4 16 7 14 16
5 32 11 24 32
6 64 15 32 58
7 116 18 46 101
8 202 20 60 163
9 324 20 83 251
10 505 23 103 374
11 753 20 128 531
12 1069 18 157 735
13 1485 14 164 992
14 2006 8 174 1278
15 2628 b 171 1595
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L Evaluation and Discussion

Table: Summary of Generated Dataset Configurations

Dataset Type Description Count | DT Depths

Final Dataset Baseline dataset used for evaluation 1 -

Rule-Only Datasets Extracted rules only 12 3-15

Rules + Final Dataset Rules and baseline dataset 12 3-15

Rules (Variance 0.01) + Final Rules filtered (variance < 0.01) and combined with 12 3-15
baseline

Rules (Variance 0.001) + Final | Rules filtered (variance < 0.001) and combined 12 3-15
with baseline

Rules (Variance 0.0001) + Final | Rules filtered (variance < 0.0001) and combined 12 3-15
with baseline
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L Evaluation and Discussion
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L Conclusion

m Proposed Hybrid Framework:
m Integrated DT based symbolic rules with NNs for travel

demand prediction.
m Combined interpretability of DT rules with the non-linear

learning power of NNs.

m Future Work:
= Dynamic rule selection: Moving away from static predefined
variance thresholds to more flexible approaches.
m Exploring relevant dataset: Including the features like
weather which highly influenced the trip demand.
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