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* Highly interpretable and effective as a policy evaluation method.

2% ¢¢

* An analysis method that emphasizes “Interpretability”, “theory”.
« Difficult to apply in situations where technical performance such as accuracy and processing speed 1s required.

MY Machine learning
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High technical performance but poor interpretability.

Development of interpretive index (XAI) that shows sensitivity and predictive basis. —ex) PI, PD, CPD, ICE...

Interpretation is also possible for black boxes.
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Comparison of machine learning model and discrete choice model
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100,100,50,10

* 4 middle layers

* The number of units
1s 100, 100, 50, 10 in
order

HYHRER 0.752
Accuracy 0.752

Feature value
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Input layer =~ —H20 Tokyo PT Data(Feature Value) Output layer —Choice probability
PER, S8, Uy TEM, KUy TIBF, . K8, \Z, BBV,
HEY—y, BEY—y, BEEN, HHEE ¥, N1, &F
M, BSKHE FERE, SEaEE * Train, Bus, Automobile, motorcycle, bike, walk

Sex, Age, Number of trips, Trip order, Departure
zone, Arrival zone, Purpose of trip, Departure
time, Arrival time, Stay time, Each trip time
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Poor interpretability by simply predicting with NN — Giving interpretability by using XAl 3
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(DPermutation Importance(PI)
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Calculating the feature importance in models.
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Feature data is important to increase accuracy of models.
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Calculating the relationship between each feature and output.
>RE & TRMEDLEAID R EEBIDY,  #RIED FERRZ h & FI R
We can see whether the relationship is in proportion or in inverse proportion.
We can also see whether linear or nonlinear.



el Permutation Importance(Pl) Hed

* NNDOREFEGEIRETIVICPIZER Apply PI to mode choice model
>FFEHEDEEE ZETE Calculating the feature importance in models.

Gtime

Stime

Dzone

Gtime: El7& Rl

Ozone |
walktime | NS Arrival time
StayTime | IS Stime: H FEFFZI
O cycletime [ ] .
S5 Departure time
2 bustime [ | = N RS
L?f cartime [ | Dzone: i“%/_/
biketime | destination zone
traintime | ()zone:ngﬁﬁf——:/
Age origin zone
TripOrder
Purpose
Sex B Permutation Importance

0.000 0025 0050 0075 0100 0125 0150 0.175  0.200
Weight
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We can judge which features should be put in models preferentially.
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We can also set variables of DCM by looking at the bar graph. 5
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Calculate the relationship between features and predictions with PD

> 1B BN (BREH) & SR B = (i) DR f%

horizontal axis 1s travel time. vertical axis is probability

« 055
0.0450 Train Bus Car
0.0425 050
0.0400 0.45
0.0375 0.40
0.0350 0.35
0.0325 0
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
0.325 ]
Bike 0.065 Walk
0.300
0.060
0.275
0.250 0.055
0225 0.050
0.200
045
0.175
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
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Non-linear, making policy evaluation difficult 6
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Skip connection (linear)

B EFHE

travel time

feature

]\ini]uig —H20RRPTT — % (i E)

layer H20 Tokyo PT data (features)

- R, Fig, FYy FEIE, Y v TIER,
HEYV—, HEYV—, BEEMN,
HFERE, FERE, FERRM
Sex, age, trip number, trip order, Departure

zone, Origin zone, purpose of trip, Departure
time, Origin time, stay time

’ p bus
®

P bike
P cycle

Pwalk

‘ Ptrain Vi j= VinNL + ViIJ\-’N

HHRER 0.557
Accuracy 0.557
Wirgin = —2.63
Wpys = —0.321
Wear = —0.782
Whike = —0.678

Weyere = —0.327
Wwalk = —0.125

SRl iR

ﬂ‘;;‘;?t Choice probability

. $E, /\X, BENE,
“EREE, /N1, &k

train, bus, car, bicycle, bike, walk

¢ NS MERMESE

These choice probabilities



Hyfl Partial Dependence(PD): NN+DCM Al
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Calculate the relationship between features and predictions with PD

> BB R (1REH) & BEIRTESR (ftdh) DR MR

horizontal axis is travel time. vertical axis is probability

Train Bus Car
0.8 0.8
0.8
0.6 0.7 0.6
0.6
0.4 0.4
0.5
0.2
0.4
0.0 03
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
Walk
0.8
0.6
0.4
0.2
0
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100

« BIRERNTH A Z /8L Selection probability has no inflection point o



Hyfl Partial Dependence(PD): NN+DCM Al
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Calculate the relationship between features and predictions with PD — pD
> TS Eh B (Ha) & EIRFESR (Hitlh) DR 3 —— DCM
horizontal axis is travel time. vertical axis is probability

08 Train Bus . Car
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Disadvantage of PD: Calculations are unstable for non-existent data 9
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- [DCM+NN] & [DCM] THHEEZEE Z R
Compare the PI of DCM+NN model and DCM
>DCMOEEEF, TEHOEEICLDIEZTICER

Importance of DCM is calculated based on the difference with and without variables

walktime
Stime
Gtime ]
cycletime ]
bustime | o ———— - E‘l‘%if*‘%%)fﬁﬁ*i%”é}iﬂﬂ\
biketime |  EEE——— - EIRERIICEIL T
i RO EEEZHH
+  traintime [ T S
S " Reflects features that can  be
- z::: ' computed
StayTime |I . Calculate the same i@pottance
rge ANEMTEEE AIEL Qlth respect to travel time /
TripOrder Personal attributes are less
Purpose important. mmm P|(NN)
Sex s PI(DCM)
0.0 0.1 0.2 0.3 0.4 0.5 0.6

Weight 10
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DCM NN DCM+NN
+ BHNTA—-Y BHEEEE - FHEEEE
+  Value of Parameters feature importance - feature importance
REFRME - M KSR D RREE 5347 (E15E) RSB D RSB ST (1)
. - - Elasticity Sensitivity analysis of Sensitivity analysis of
Explainability features(non-linear) features(linear)

- RBREZMR \ \

«  Sensitivity analysis JI—TDEEMN - JIL—T7DEEMH
Group heterogeneity «  Group heterogeneity
=iEE - =ERE

o ALIEFEREHEL high precision « high precision

E ‘TR' gE + processing speed : slow \ .
HE aad s ALILRE AR o LIEFREAHHEL
ccuracy W 0.624 processing speed : fast + processing speed : fast
accuracy 0.624
MHER 0.752 « HK$R 0.557
accuracy 0.752 « accuracy 0.557
mxmuomit 2\ - mxmmomme /)
EEEHAH"IE . MEESICES -/ Minimize loss function +  Minimize loss function
theoreticality -+ Rules based on utility theory B LS . EEMEESL

High reproducibility

High reproducibility
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The " proper use" and "user" of DCM and machine learning

ELVD T proper use
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Use DCM when theoreticality is required, such as in transportation policy decisions
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Use machine learning when descriptive performance is required, such as ABM

#HMH Using both
- EERH (BEERERETIL) IKEMNIERE
BEHLIEWETIL (NN) hoBosniEROD2DZHWS

« Using two results, one from the DCM and the other from the Neural Network

- HiREBEOHEN ST ZITS I ETEDIEEICFHETE S
« More accurate policy evaluation is possible by analyzing behavior in terms of both
theory and precision

12
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el Permutation Importance(Pl)
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walktime
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Age
TripOrder
Purpose

Sex B Permutation Importance
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Weight
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el Conditional Partial Dependence(CPD) Aaf
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0.14
Car
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el Conditional Partial Dependence(CPD) Aaf
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1.0 1.0 1.0 Car
0.8 Train 0.8 0.8
— work
0.6 0.6 —— business
—— shopping
0.4 0.4 —— private
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0.2 0.2 N
0.0 -0 070
0 25 50 ﬁk 100 0 25 50 6 100 0 25 50 75 100
1.0 ke 4, ycl Walk
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0.0
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el Individual Conditional Expectation(ICE) gl
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gLB Shapley Additive exPlanations(SHAP) Akl

« Summary_plot
>ENEZERICH T 2EHDFSEZRBRILLIEDD

PIEBTNBA
Stime "AZ#> TEEGRHHELET DD,
Age DEEDIADNEBZ>TWD
pzone Pl
TripOrder =k EFIIOUREETICEDSEER
rueeee == wr  SHAP
N = ENEBICENEIREESI 3D

0.00 0.05 0.10 0.15 0.20 0.25 v

mean(|SHAP value|) (average impact on model output magnitude)
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gLE Shapley Additive exPlanations(SHAP) Ak

- Summary_plotiCFHEBEDEZRRESBELED
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Triptime
Gtime
Stime
Ozone
StayTime
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Age
TripOrder
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Purpose

-0.2
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SHAP value (impact on model output)
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gLE Shapley Additive exPlanations(SHAP) Ak

- Waterfall _plot&Dependence plot

orime | I 03- il L , iy
Stime e, o1 .
StayTime s 02 . t . . . -0.6
| Sex -0.01 .. % qé 01 ;.IS. :' g
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Waterfall_plot Degig}r\nélence_plot
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EHEE Permutation Importance(PI)

Permutation Importance IC& 2 HEDEEE
PETIICE TP HHEEEEZHE T HEE
>HIRHEZV v v 7ILLUTFHRBELNRILT D > EEREHE

FVYLICOY YT

Person Fip 5l BEIRAE Person Fip 5l BEIRA

1 24 M 15 1 24 M 30
2 15 F 30 2 15 F 20
3 30 M 35 3 30 M 15
4 46 F 20 4 46 F 35

>REHICKT U CHAKRDILIEZITD I & TEIERIEE
PI VY MEESNFBETTFAUVLCETILORENKRE L BN
ZDEBITETIVIEEWTEETH D
PERBROEINEHEEERE LR D
PETINORBEZSHDIcHDEEETH D ERNGERIETEY]
PEEENEVEBICHUTE DRV ZITS CEHEE
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Hefl Partial Dependence(PD) SLE

FNENOEHELETIVOFAEICED LS ICHEEZEZ DD
>5EE & FHAHED IO LGERZETET 5
PIHMENIKEL B EETETILDOFAEIRKELBZIDON
ZDRERIIIEBI R DD IS D W THIBTH R RE
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Xo X1 X, 3 ¥Rl R %= 1

2 5 f(1,25) 1
72 fA,72) } 3U(125) + £(1,7.2) + F(1,3:4)}

3 4 f(1,3,4)

Xo X1 X Xo X1 X, F 3
2 5 2 5 £(2,2,5) 1
7 2 } 7 2 f272) } g{f (2,2,5) + f(2,7,2) + f(2,3,4)}

3 4 f(2,3,4)

Xo X1 X il

2 5 f(3,2,5) 1

3 4 f(3,34)
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gLE Shapley Additive exPlanations(SHAP) Hedl

c BT —LERICEWTDShapley Value = #iM=3 I [ ik
- Shapley Value: fll&ZEc 7 DE#EE LU THWS NS IEE

c BHOTLAYV—DPBAOLTELAIEZZ LI T7P—0D
HEEICIH U THD 9 2RICAAVWS NS

emE w8 REE  FAEEL
A 6 X, 1.0
B 4 X, 0.7
c 2 ) X, 0.3
AB 20 Xo Xy 25
A.C 15 BREEETILO Xo, X, 15
B.C 10 BRHEICESZRZ X, Xy 10
ABC 24 X0 X1, X, 3.0
AT — LB 73 e
pwy =y D sy - vis)) po= Y SRR g su - )
SEN\{i} SEN\{i}
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el Shapley Additive exPlanations(SHAP)
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c ETIDLBEZDOLSBFAEZH LD EHRRAT BFE

- ¥/70OEZT/O0MADHEED S DEEIRH EIRE

SHAP
TOutput =04
Age = 23
—>
Gender =F
% .
Weight = 60 EXpIaRIatlons
—
Height = 165
—

Output=0.4
Age = 23
Gender = F
---------- +03 |
m Weight = 60
m Height = 165

22



