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Causal-logit:

A brand-new unbiased logit model

with Behavioral changes due to disruptions in rail operations
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__ Background
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Suspension or delay of railroad services
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Disasters become a
regular occurrence
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Aging railroad facilities

A)C(EEJ:W’%J&E!«%FEU)J REAOZBAT (202146108108, ABHERREG) =@
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Background
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Possibility to change one’s behavior when operation is suspended
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[3]https://www.kanaloco.jp/news/social/case/article-738590.html
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Select Yokosuka Line due to Tokaido Line suspension
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__ Purpose
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Understanding the differences in route selection behavior during railroad trouble
compared to normal conditions.
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Problem: Non-randomness in the frequency of encounters with delays and operational

disruptions
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Frequency of delays and suspensions depends on time of day, number of route transfers, etc.
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The usual MNL results in biased estimates due to the bias of the accident data!



. Framework

Covariate :
Route Data

Route choice result

MNL
exp(Vy,)
P(y;; x;) =
: O %) Z;V—lexp(vj) :
Treatment : Outcome @ -
Suspended Service Utility
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. Framework

How to collect data

Information from X
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Accident data csv
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Covariate :
Route Data
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Treatment :

Suspended Service
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Outcome :

Utility

MNL

P(y;; x;) =

exp(Vy,)

Zﬂy=1 exp(V})

Route choice
result




Framework

How to collect data

Information from X
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Data collection
PP data

Fukuzumi
1-chome Fukagawa
2-chome

Mggzennakacho
.lrchame

Covariate :

[ Tomioka
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oute Data
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Train Network
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Outcome :
Utility
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Treatment : Route choice

Suspended Service result
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Map matching

Route data
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_ Formulation

Ordinary MNL
Utility Function

Covariate :
V: = (aq + @y - D;) - Time; + (B1 + B - D;) - Transition; Route Data
i: Route )&

D;: Accident dummy Time;, Transition;
a, f:Parameters

XEDICHREFEADHZ L, ELLHENEETERL
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If there is a causal relationship between X and D, the Treatment : Outcome :
effect cannot be estimated correctly Suspended Service  Utility
(due to the biased nature of the data where D; = 1) HEDOX A VEN



_ Formulation

Causal logit (Our model)
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Estimating effects without bias by "applying appropriate weights to the data & estimating counterfactuals”

Image Accident train line

Adjust data weighting

Covariate X —

Non-accident train line

Covariate bias Elimination of bias



Formulation
Causal logit (Our model)

[ TF—RICEUBERTITZDITH&
Estimating effects without bias by "applying appropriate weights to the data &

Image
utility of utility of
accident line non-accident line
Accident observable unobservable
D=1 Vi(D; = 1) vo(D; =1)
No Accident unobservable observable
Di —_ O Vil(Di — O) ViO(Di — 0)
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Estimators for unobserved data are
estimated using parameters from

Estimators for observed data are
estimated using parameters from
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Formulation

Causal logit (Our model)
Stepl: Split data

I

Step2: Make prediction models of utility and prosperity score
(by using training data)

Utility Prosperity Score(= Probability to be treated)

e(X;) = Prob(D; = 1|X;
=1(D; = 1) - (a1 - Time; + a2 - Transition;) () (D; 20
+ 1(D; = 0) - (a - Time; + a3 - Transition;) Create model by using Random Forest

a{;: kth parameter when D =
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Formulation
Causal logit (Our model)

Utility estimation from
- Time; + @5 - Transition;

- Time; + @, - Transition;

Vij: Route i's predicted utility
(from training data) when D; = j

Prosperity Score
é(Xl) = Pl"Ob(Di = 1|Xl)

Step3: AIPW estimation

Utility estimation from

= af - Time; + a3 - Transition;

= af - Time; + a3 - Transition;

AIPW estimator (Robins et al., 1995)

AV; arpw use predicted utility in case that V" is
' unobserved
D -
= (3" + (1 a05) ")
e(X;) e(X;)

t weighting by prosperity score to balance
covariates

B (1 1—_ég(il-) * (1 B 11_;&)) )
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_ Formulation

Causal logit (Our model)

Training Data 1

Test Data
AIPW estimator (Robins et al., 1995)

Step4: Cross Estimation
Training Data Test Data

Obtain AV; o;pw With different combinations of data

Stepb: Best Linear Projection

(Semenova et al., 2021)
Liner regression of AV; appw

AVi,IPW =(C + Aal’lpw . Timei-l- Aazllpw . Transitioni
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w Ordinary MINL VS Causal-logit

Ordinary MNL
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Real utility function: V = {

5x1 + 20x, + ¢ (D=1)§
3x; +40x, + ¢ (D =0) !

Pr(D = 1) = (1 + x3)x0.01 |

. —Causal inference (ratio) should be [x;, x, x3] = [2,—20,0]
Do ! Causal Logit

param X t-value
x1(D = 1) —4.92Xx107% -27.73 **x*
—
x1(D = 0) —1.33x1072 -13.39 ***
— -2
x,(D =1) —5.83X1072 -17.12 **x*
x,(D = 0) —4.13x1071  -52.26 ***
x3(D =1) 8.05x1072 3.62
—
x3(D = 0) 1.71x1071 12,02 ##*
n 6000
Initial log likelihood 92103.40
Final log likelihood 89761.50
Corrected p? 0.025

T

T2

T3

X Causal inference?

= —3.59%x1072

= —3.65x107!

= —0.91x10~2

x3 not exist

param X t-value
74 7.96x1072 5.09 ek
T, —2.90%1072 -70.10 ***
> 3.19%x1073 124.70 ***
const —1.58x1071 -25.54 H**
n 6000
R? 042
Could estimate that x5 is not
causally related to utility v
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Estimation with

Ordinary MINL

param X t-value
time (D =1) —8.39x1072 -1.03
time (D =0) —1.79x107! -6.48 HE
transfer (D = 1) —9.31x1072 -1.00
transfer (D = 0) —1.87x1071 1511 ***
COI?II)H‘S@S tme  _p 70x10-2 2.48 *
commute * time 1.99%10~4 0.04
D=0
n 6913 trips
Initial log likelihood 6386.60
Final log likelihood 6048.79
Corrected p? 0.058

route choice data

Hirano 4-
chome

Causal Logit
param X t-value
timet 2.66x1071 2.52 *
transfert —2.24x1073 -0.63
%k
[commute * ) s 10-2 1.12
time] 1
const —3.02x1073 -0.81
n 6913 trips
R? 3.33x1073

Tendency to accept
delays in emergencies
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