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Introduction

&(_2_8 Motivation @ Datasets

 Part of the challenge in prediction is the * iNYMTC Regional
limited data availability on AV interest. Household Survey: NY

e Thus far, no studies have used Metropolitan Area
machine learning techniques to impute  {Puget Sound Travel
data for AV interest and model the Survey: four-county
market share. However, numerous region in Washington,
studies have used imputation to fill which includes King,
missing data in many fields including Kitsap, Pierce, and

sportation. _ Snohomish counties.
q Research Question

Can we predict the market share of AVs in the NY/NJ N
Metropolitan Area” 25 M/%\RT
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A binary variable distinguishe
metropolitan area and Washington State as

two different subgroups.

The stated preference (SP) dataset, PGST,
contains various questions on AV interest
such as whether the respondent will take
an autonomous taxi, share a ride Iin an
autonomous car, and own an

autonomous car.

AV preference guestions are not asked In

the revealed preference (RP) survey which

will be imputed using logistic regression,

Methodology

Extract and filter

the SP and RP

datasets; create
binary indicators of

Data
Processing

AV Preferences in
SP dataset

Create a column of
NA's for the AV

"missing data" in
the RP dataset

Imputation

Subset each
dataset by
specified travel
times for each
mode according to
K-S test

Create a new
column classifying
the surveys into
two different
subgroups and
merge the datasets

Remove fifty
percent of the
observed values for
AV interest column
in SP dataset

Implement kNN,
logreg, and
missforest to
impute missing
values

Calculate
imputation percent
error and select the

most efficient
imputation
estimator

25—

Prediction

<

Impute missing
data for the merged
RP and SP dataset

Estimate a nested
logit model using
travel and
socioeconomic
variables
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C2SMART /- Methodology o

* A nested logit model is estimated to calculate the pred
* Method is based on maximizing the utility function,
X_(n,)+...+B_M X _(n,I,M), for each individual | and alt

attributes of alternatives .
Mode Choice
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NYC & Seattle

. Summary Statistics (Census)”*
_Profiles

L4

Seattle Mode Share

" .

/
%

» Personal Car = Carpool

Measure

New York City

= Public Transport = Bicycle

Seattle

Average Yearly Congestion per
Person (hours)!?
Average Yearly Cost to traffic

congestion per Person (dollars)’
3

Average One Way Commute
Time (minutes)*’

2015 Households without
Vehicles®

Population’

Job growth of 2018% ¢

Average hourly wage!? /!
Average daily VMT per capita *?

*See slide 14 for references

133

1859 1932
NYC Mode Share

36 33

ke
54.5% 16.6% ”
8.175133 million 761,100
2.2% 2.4% -
$34.4 $27 m Personal Car = Carpool
15.4 25.8

» Walked m Other

138

= Worked at Home

m Public Transport = Bicycle

s Other

= Walked

m Worked at Home
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e Kolmogorov-Smir
nov Test

1 Prior to combining the datasets, the Kolmogorov Smirnov test
IS used to prove whether the two datasets are statistically

similar.
2 By sub-setting the full datasets into only commute trips, a

5 common distribution is found between the two areas.
NN 3 The null hypothesis states that there is no difference
between the distribution functions of these two populations
and can be seen as one population. If there is statistical

.
-
-

TABLE Li Rolmogorov Smimov Test for L‘I’)“g.ccf‘mg‘:g.}fﬁps ) —— significance, the null hypothesis is rejected and alternative
rave 1me erio 1rierence amne
(Minutes) hypothesis that there is a difference between the distribution
Car Trips 55 -260 0.0733 0l f .
at to s accepted.
Taxi Trips 31-120 0.0185 019 c%{101 Pl?g§ = Q’e(%j P

Transit Trips 40— 120 0.119 119 Hi:F(x) # G(x) f‘2 S MART
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Long Commute .

Socio economic and

Tr| pS Demographic Characteristics
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Travel Time Averages and
Modal Split

Similar distributions are observed for travel time averades and modal split of the two regions.

Modal Split (Car, Taxi, Transit)

Il_-

Taxu Transit

Mode

Travel Time Averages

TT.Car TT.Taxi TT.Transit
Mode

o C . NYC . Washington f‘?SMART
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>>>> ‘ ImPUtation MethOdS A distance metric is used to

measure similarity between
observed and the nearest
neighbor (closest observation)

A random forest model (a forest of decision trees) for

each variable is built using observed data, then missing
values are predicted using the model

IS used to impu(t)e for missing
/ Observed Data \ Va|ueS
Random Sample Random Sample Random Sample
l BN Random 5
Decision Tree Decision Tree Decsion Tree
Logistic
T~ regression
Majority Vote on Classification

Fitting a logistic regression and then using the
predicted values (to impute for missing data) based

on other observed variables in the dataset
zx = logit(py) = Bo + B1x1 + B2x3 + - + BpXxy

:

Fitted Forest Predicts Missing Values

v C2S5SMART
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Imputation Results @ @ @

>>>> The results show that most travelers that adopt the autonomous vehicle technology will
be using personal autonomous vehicles

>>>> The next highest percentage is transit, essentially autonomous buses and/or subway
systems. These results are expected since most inner-city travelers depend on the transit
system. In addition, millions of people commute everyday to NYC with personal vehicles
making autonomous cars a convenient way of travel.

kNN Logistic Random KNN Logistic Random
Regression Forests Commute  Regression -  Forest -
Commute  Commute

Personal Car 40.87 41.5 3751 61.8 60 62
Taxi 4.5 4.6 3.13 17.2 2.8 17.6
Transit 8.69 9.4 957 .04 - -
Probability of 54.06 55.5 32.21 79.04 62.8 79.6
AV Adoption

_ Table 2: Imputation of AV Preferences for NY/NJ Metropolitan Area



Nested Logit Model Estimated Using kNN Imputation

Variable

Coefficient P Value

Coefficient P Value

(Intercept):AVshare
(Intercept):AVtaxi
(Intercept):Car
(Intercept):Taxi
(Intercept):Transit
Education
Gender: Male
Hispanic
African
White
Asian
Age

16 to 24

25 to 34

35 to 54

55 to 64

65 and older
Travel Time: Autonomous Personal Car
Travel Time: Autonomous Transit
Travel Time: Autonomous Taxi
Travel Time: Conventional Personal Car
Travel Time: Conventional Taxi
Travel Time: Conventional Transit

NY/NJ Commute Trips

-316.84 0.716
24.53 22%10:'°
29.17 0.034
-28.17 0.204
20.87 0.282
-35.47 0.012
-55.31 0.0006
-1.09 0.598
-15.33 0.0436
-7.30 0.001
10.72 3.94%10¢

3.00 0.440
-37.11 0.008
-9.98 0.003
7.46 0.0009
0.80 8.78*10-!
.26 0.243
0.19 0.044
-3.42 0.0008
0.45 0.039

0.43 1.24*10-¢

NY/NJ Unsegmented Trips

-1747 .45 0.003
696.54 2.2F10-'°
197.39 22¥%10'°
692.68 22105

-7941.18 0.0001

-7.82 225108
-0.88 3.03*108
2.27 2.2F10-'°
2.37 2.2¥%10'¢
-1.14 LI7%10>
-2.66 2.86%10-12
0.52 0.095
-0.12 0.705
-0.49 0.052
0.26 0313
0.77 2.2F108
-3.27 2.2¥%10!°
-1.85 22%10le
-3.90 2.2%|0'8
-1.39 22%|0's
2.60 2.2%|0-'5
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Market Penetration Results §&5 ¢

Table 3: Nested Logit Modal Split Predictions

Mode KNN Prediction RF Prediction KNN Prediction Washington
for NY/NJ for NY/NJ for NY/NJ Area
(Commute)
Conventional Personal Car 43 42.6 0.72 28.72
Autonomous Personal Car 36.8 37.6 61.3 60.21
Conventional Taxi 34 1.5 2.7 25
Autonomous Taxi 33 54 14.9 1.20
Conventional Transit 4 3.7 20.3 2.38
Autonomous Transit 9.5 9.6 1 7.19

Table 4: Imputation Percent Error

b SN-

KNN Random kNN Random
Forests Commute Forest -
Commute
Imputation 29 0 12 3.3
Percent Error

* Interestingly, similar percen
NY/NJ trips) for the two algoritr
observed, 36.8 and 37.6 percent adof
autonomous personal car

* These results can be compared to a nested
logit model’s prediction for only the
Washington in which no imputation was
done.

* As expected, the results in this study show
that Personal Car would make most of the
trips, approximately 61.3% for commute
trips.

 Although RF resulted in lower error, KNN
demonstrated nercent adontion for
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Conclusions and Future Work

A nested logit model for the Puget Sound
region would have predicted 68% of
travelers to take an autonomous mode
based on the dataset. This is significantly
different than the estimated percent
adoption predicted for NY/NJ area for
both models (all trips — 50% and commute
trips — 76.3%)

Overall, the results for both
algorithms suggest high statistical
significance based on the high
t-values according to a 95%
confidence interval. The McFadden R
squared for the kNN and RF
approaches are .28 and .19

respectiYel¥iming the individual
performances of RF and kNN
imputation are both efficient, the
percent adoption of AVs is about
50-52% when AVs are introduced
iInto the mainstream marketplace (for

Read more at C23mart.eniineerini.niu.edu

Demonstrate the validity of this study by
conducting and distributing a survey study
on commute trips in and out of NYC
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