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Comparative Study of Discrete Choice Mode in Mode Split

CHEN Xian-long
Guangzhou Transport Planning and Research Institute,

Guangzhou 510030, China

Abstract Five typical discrete choice models were introduced, which were MNL, NL, HEV,
MNP and MMNL.The model characteristics and their features were discussed and compared. Then
these models were used to study the mode split in acase, and to calibrate the model parameters.
The result indicated that each model would have different representation in the same case.
It was also found that NL model could solve the similarity in the alternative heterogeneity.
Results from this analysis suggested that the error of MMNL was smallest its prediction
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reliability was highest. MMNL model was a better model than the other four models in solving
the heterogeneity and similarity problems and it could improve the model explanation power
significantly,and was the most effective method to predict mode choice. The research is
very important for transport mode split forecast, which indicates that the conclusion
derived from only one model in the existing researches may be not reliable.lt should be

chose cautiously according to the characteristics of the models.

Key words Discrete choice models, traffic mode split, MNL model, NL model, MMNL model,
HEV model, MNP model
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Tab.1 Discrete choice models ™ classification

2 MNL
Tab.2 Result of MNL calibration
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MNL Tab.4 Model calibration result of MMNL
- t-
a, 9.41 5.83 10.8 3.8
HEV a, 9.55 5.75 10.7 3.6
oy 8.59 5.69 9.7 3.7
Ve -0.03 -3.35 -4.02 1.9
Yr -0.21 -5.96 -13.4 3.9
1 =0.2485
Y 0.059 2.50 5.5 2.0
=0.2595 =0.6065 Bhat
Chol(G,G) 3.00 1.3
HEV NL MNL
Chol(7,7) 0.13 3.85 3.86 0.4
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Chol(G, T) 7.70 2.0
MNL NL Log
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Tab.3 Model calibration results of NL,HEV and MNP 4
NL HEV MNP
o 6.062 7.833 1.358
a, 4.096 6.866 4.298
a, 5.065 7.172 3.609 1 MMNL
Ve -0.032 -0.052 -0.035
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