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Abstract
This study aims to understand the impacts of Pokémon GO, a popular location-based aug-
mented reality (AR) mobile gaming app, on route and mode choices. Pokémon GO lever-
ages AR to introduce virtual objects at fixed and dynamic locations that translate through 
the app interface to incentives in the real world that potentially influence users’ route and 
mode choices. Its gaming nature and social components can possibly enhance long-term 
user engagement through applying the characteristics of game elements and providing 
opportunities for competition, collaboration, companionship, and social reinforcement. An 
online survey is conducted to collect the self-reported behavior of a group of Pokémon 
GO users to explore its impacts on the following aspects of travel behavior: (1) the fre-
quency of changing the route to interact with virtual objects; (2) the likelihood of carpool-
ing more instead of driving alone for more in-app collaboration; and (3) the likelihood of 
shifting mode from drive alone to public transit, walking, and cycling if provided with 
additional incentives. The ordered survey responses including frequency and likelihood are 
analyzed using random parameters ordered probit models to account for the unobserved 
heterogeneity across users and identify subpopulations of travelers who are more suscepti-
ble to the influence of Pokémon GO. The modeling results identify four types of variables 
(attitude and perceptions related to Pokémon GO, app engagement, play style, and sociode-
mographic characteristics) that affect users’ travel behavior. The results illustrate that such 
apps with integrated AR, gamification, and social components can be used by policymak-
ers to influence various aspects of travel behavior. The study findings and insights can pro-
vide valuable feedback to system operators for designing such apps to dynamically manage 
traffic in real-time and promote long-term sustainable mode shifts.
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Introduction and motivation

Growing automobile dependency and usage has led to increased traffic congestion, air pol-
lution, productivity loss and physical inactivity in many metropolitan areas (Kenworthy 
and Laube 1999; Williamson 2016; Guo et al. 2018). Extensive efforts have been made to 
develop strategies that can influence short- and long-term travel decisions to address goals 
from the perspectives of the system operator (such as a traffic control center, or a public or 
private transportation system management agency) and/or individual travelers. Short- to 
medium-term strategies aim to influence within-day and day-to-day travel decisions (such 
as route, departure time and non-work trip destinations) of individual travelers to improve 
the system performance. Long-term strategies focus on influencing mobility and lifestyle 
decisions. These mobility and lifestyle decisions can include making long-term sustain-
able mode shifts from driving alone to alternative sustainable travel modes such as rid-
ing public transit and using non-motorized modes (walking and cycling) to meet system-
level goals (e.g., gradually reducing travel-related emissions) and/or individual-level goals 
(e.g., adopting green lifestyle and improving personal health). In such contexts, structural 
measures, market-based solutions and behavioral intervention strategies are widely used to 
influence travel decisions (Bamberg et al. 2011).

Structural measures involve making physical infrastructure changes, such as adding 
new lanes or roads. Market-based solutions include various types of price-based (e.g. 
tolling) and quantity-based (e.g. tradable credits) instruments. While such strategies can 
achieve short-term success in addressing system-level goals from the perspective of the 
system operator (such as managing travel demand and/or congestion), they alone may not 
be effective in the long-term (Li et al. 2019). Further, structural measures can entail high 
investment costs, negative environmental impacts, and political resistance (Stopher 2004). 
Similarly, market-based solutions can raise issues of public acceptance and equity (Li et al. 
2019). Also, the robustness and effectiveness of these strategies depend on the prediction 
accuracy of travel behaviors and traffic conditions. However, associated prediction models 
(such as route choice behavior and travel demand estimation) often use indirect inferencing 
based on demographic data, survey data, and aggregated traffic data from sensors. Further, 
the model estimation problem is typically underdetermined due to the lack of adequate 
data.

Mobile apps for behavioral intervention strategies

Behavioral intervention strategies provide information-based feedback to travelers so that 
they voluntarily change their short- and long-term travel decisions (Ben-Elia and Shiftan 
2010; Guo and Peeta 2017; Sunio and Schmöcker 2017). Recent advances in mobile tech-
nologies and the proliferation of smartphones have led to several research and commer-
cial efforts to design mobile apps to influence users’ short- and long-term travel decisions. 
Table 1 summarizes some related studies based on the types of feedback, design purpose, 
benefits provided, gamification components, and social components.

The types of information-based feedback provided can be classified into three main cat-
egories: economic (e.g., travel time and monetary costs), health (e.g., amount of physi-
cal activity), and environmental (e.g., carbon emissions) feedback on their departure time 
choice, route and mode choices, and other travel-related decisions. It can provide pre-trip 
and en route information as well as en route and post-trip feedback. The app’s design 



397Transportation (2022) 49:395–444 

1 3

Ta
bl

e 
1 

 M
ob

ile
 a

pp
s f

or
 b

eh
av

io
ra

l i
nt

er
ve

nt
io

n 
str

at
eg

ie
s a

nd
 P

ok
ém

on
 G

O

A
pp

In
fo

-F
ee

db
ac

k
D

es
ig

n 
pu

rp
os

e
B

en
efi

ts
G

am
ifi

ca
tio

n
So

ci
al

 c
om

po
ne

nt
s

Pr
o-

po
se

d 
ye

ar
Ec

o-
no

m
ic

H
ea

lth
En

vi
-

ro
n-

m
en

ta
l

A
ct

iv
e

Ro
ut

e
M

od
e

Sy
ste

m
In

di
re

ct
 

ta
ng

i-
bl

e

D
ire

ct
 

ta
ng

i-
bl

e

In
ta

n-
gi

bl
e

B
ad

ge
Po

in
t 

&
 

le
ad

er
-

bo
ar

d

Q
ue

st
C

om
-

pa
ris

on
C

om
-

pe
ti-

tio
n

Sh
ar

-
in

g
C

ol
-

la
bo

ra
-

tio
n

U
bi

gr
ee

n
✓

✓
✓

✓
✓

✓
20

08
PE

IR
✓

✓
✓

✓
✓

✓
20

09
i-T

ou
r

✓
✓

✓
✓

✓
20

11
Tr

ip
-

zo
om

✓
✓

✓
✓

✓
✓

✓
✓

✓
✓

✓
✓

20
12

SU
PE

R-
H

U
B

✓
✓

✓
✓

✓
✓

✓
✓

✓
✓

✓
✓

20
12

M
at

ka
-

H
up

i
✓

✓
✓

✓
✓

20
13

Pe
ac

ox
✓

✓
✓

✓
20

13
Q

T
✓

✓
✓

✓
✓

✓
✓

20
13

IP
ET

✓
✓

✓
✓

✓
✓

✓
✓

✓
✓

20
14

V
ia

gg
ia

✓
✓

✓
✓

✓
✓

✓
✓

✓
✓

✓
20

14
tra

ffi
cO

2
✓

✓
✓

✓
✓

✓
✓

✓
✓

✓
20

15
M

et
ro

pi
a

✓
✓

✓
✓

✓
✓

20
15

IA
M

✓
✓

✓
✓

20
17

M
M

✓
✓

✓
✓

✓
✓

✓
✓

✓
✓

✓
20

17
M

U
V

✓
✓

✓
✓

✓
✓

✓
✓

✓
✓

✓
✓

✓
✓

✓
20

17
Tr

ip
od

✓
✓

✓
✓

✓
✓

✓
✓

20
18

R
M

TP
✓

✓
✓

✓
✓

✓
✓

✓
✓

✓
20

19
Ro

id
er

 
et

 a
l. 

(2
01

9)

✓
✓

✓
✓

✓
✓

✓
✓

✓
✓

✓
20

19



398 Transportation (2022) 49:395–444

1 3

Ta
bl

e 
1 

 (c
on

tin
ue

d)

A
pp

In
fo

-F
ee

db
ac

k
D

es
ig

n 
pu

rp
os

e
B

en
efi

ts
G

am
ifi

ca
tio

n
So

ci
al

 c
om

po
ne

nt
s

Pr
o-

po
se

d 
ye

ar
Ec

o-
no

m
ic

H
ea

lth
En

vi
-

ro
n-

m
en

ta
l

A
ct

iv
e

Ro
ut

e
M

od
e

Sy
ste

m
In

di
re

ct
 

ta
ng

i-
bl

e

D
ire

ct
 

ta
ng

i-
bl

e

In
ta

n-
gi

bl
e

B
ad

ge
Po

in
t 

&
 

le
ad

er
-

bo
ar

d

Q
ue

st
C

om
-

pa
ris

on
C

om
-

pe
ti-

tio
n

Sh
ar

-
in

g
C

ol
-

la
bo

ra
-

tio
n

Po
ké

m
on

 
G

O
✓

✓
✓

✓
✓

✓
✓

✓
✓

✓
✓

20
16

A
ct

iv
e 

(p
ro

m
ot

in
g 

ph
ys

ic
al

 a
ct

iv
iti

es
); 

Ro
ut

e 
(p

ro
m

ot
in

g 
ro

ut
e 

ch
an

ge
); 

M
od

e 
(p

ro
m

ot
in

g 
m

od
e 

ch
an

ge
); 

Sy
ste

m
 (i

m
pr

ov
in

g 
sy

ste
m

-le
ve

l p
er

fo
rm

an
ce

)



399Transportation (2022) 49:395–444 

1 3

purpose is based on the stated primary purposes of the app developers which include pro-
moting physical activity, promoting route change, promoting mode change, and improving 
system-level performance (e.g., reducing total system energy consumption). The benefits 
provided by the app can be classified into direct tangible benefits, indirect tangible bene-
fits, and intangible benefits. Direct tangible benefits include three commonly used incentiv-
izing methods: financial incentives/rewards (e.g., cash), discounts on third-party services 
or products, and/or point-based loyalty programs that can be redeemed for rewards or ser-
vices (Shaheen et al. 2016). Indirect tangible benefits include the information and feedback 
provided by the app that can lead to more informed travel decisions resulting in money and 
time savings (e.g., a faster route). In other words, information-based feedback is a form of 
indirect tangible benefits. Intangible benefits represent benefits that cannot be quantified 
or monetized such as a sense of involvement, satisfaction, and achievement that can be 
provided through gamification and social components. Gamification components represent 
the usage of gameplay mechanisms such as virtual badges and avatar, points and a leader-
board system (e.g., collecting points for using bus and ranking users based on the points 
collected), and mobility quests and challenges (e.g., cycling to work instead of the bus) 
(Van Grove 2011; Zichermann and Cunningham 2011; Marczewski 2013; Tate et al. 2015). 
Social components include social comparison (e.g., comparing badges collected or points 
collected), social competition (e.g., competing with other users for most points collected), 
social sharing (e.g., sharing personal achievements on social networks), and social col-
laboration (e.g., collaborating with other users through carpooling to gain mutual benefits). 
These social components often promote online and face-to-face interactions among users, 
which can potentially lead to the formation of social communities of users.

These apps leverage the large market penetration rate of smartphones (over 80% of the 
U.S. population uses smartphones in 2019 according to Pew Research Center (2019)) as 
a ready-to-use platform to deliver information-based feedback to users. Tracking mecha-
nisms in these apps use mobile phone sensors such as accelerometer and Global Position-
ing System (GPS) to collect information on individual users’ time profiles of location, 
physical activities, and route and mode choice decisions. By providing such information-
based feedback, these apps help users to make informed route and mode choice decisions, 
improve awareness of travel-related impacts, and foster sustainable travel behavior for mak-
ing long-term mode shifts from driving alone to alternative modes. In addition, some of the 
apps (e.g., SUPERHUB and Ubigreen) introduce gamification and social components that 
can potentially improve their attractiveness and foster long-term sustainable mode shifts 
(Zichermann and Cunningham 2011; Marczewski 2013).

UbiGreen, PEIR, i-Tour, PEACOX, and QT are some of the early efforts in creating 
mobile apps for promoting sustainable mode shifts. UbiGreen is one of the first mobile 
apps that is designed to promote long-term sustainable mode shifts (Li and Landay 2008; 
Froehlich et al. 2009). It tracks individual users’ mode choice based on cellphone sensors 
and participants’ self-reported mode choice for each trip. It also provides economic, health, 
and environmental feedback in the form of icons (i.e., gamification) to indicate whether 
the mode of transportation that a user previously used is money-saving, relaxing, good for 
exercise, or offered the opportunity to read. It also offers intangible benefits to its users 
in the form of changing wallpaper displays if the user is using a sustainable travel mode. 
Froehilich et al. (2009) conducted a 3-week study in Seattle and Pittsburgh and found that 
10 out of its 13 participants did not feel UbiGreen changes their behavior and concluded 
that most of the participants had relatively “green” lifestyles (e.g., using the bus to travel 
for some trips) already. Three participants self-reported that they experienced travel behav-
ioral changes such as carpooling, biking, and walking more for some activities because of 
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using UbiGreen. The study concluded that a more comprehensive feedback system such as 
a weekly travel summary and additional gamification elements such as points and a lead-
erboard system should be added to UbiGreen. Mun et al. (2009) developed the Personal 
Environment Impact Report (PEIR) to promote sustainable mode shifts by providing its 
users with environmental feedback in the form of gamified emission score (travel-related 
emissions) and exposure score (exposure to sensitive sites, smog, and fast-food establish-
ment). PEIR also includes social sharing and social comparison that enable its users to 
compare these scores with other app users in a ranking system. However, the authors are 
unable to find studies on its effectiveness in changing people’s travel behavior.

A personal mobility assistant app (i-Tour) proposed by Magliocchetti et al. (2011) ena-
bles users to visualize their travel mode options (indirect tangible benefits) and obtain eco-
nomic and environmental feedback in terms of travel time and distance to the destination, 
total emission, and travel cost. Magliocchetti et al. (2011) suggested that gamification com-
ponents could be added in the app for creating a playful experience in the future to pro-
mote transit usage. They also mentioned the importance of adding social components in 
the gamified app to increase competition and collaboration among its users to increase their 
awareness of sustainability and promote sustainable and healthier travel habits. Schrammel 
et al. (2013) proposed a conceptual framework for an app named Persuasive Advisor for 
 CO2-reducing Cross-modal Trip Planning (PEACOX) to promote sustainable mode shift 
by providing mode choice options (indirect tangible benefits) and environmental feedback 
 (CO2,  NOx,  SO2, and PM10) to its users. The authors are unable to find field test results 
of PEACOX. Jariyasunant et  al. (2013) proposed a Quantified Traveler app (QT) that is 
designed to promote long-term sustainable mode shifts and influence trip choice (i.e., 
whether to travel or not) by providing economic, health, and environmental feedback to its 
users (indirect tangible benefits). It also has social comparison that allows users to compare 
their performance with the regional and national averages such as weekly distance traveled. 
Jariyasunant et al. (2015) conducted a 3-week experiment of QT with 78 valid participants 
(most of whom were undergraduate students of UC Berkeley and got paid hourly for doing 
the experiment). The experiment results show that participants who drove on two or more 
days per week (N = 15) reported significant drops in the weekly distance traveled by car 
(from 317 km on average to 197 km on average), while the weekly distance traveled by 
walking/cycling increased (from 12.2 km a week on average to 17.3 km on average). The 
weekly distance traveled by bus changed very little (from 3.4 km on average to 2.5 km on 
average). These results show the promise of using QT to promote sustainable mode shifts. 
However, these behavioral changes may not be sustained long-term as users’ travel needs 
may not be met considering that the total weekly distance traveled by them dropped sub-
stantially on average (from 332.6 to 216.8 km). Furthermore, the results observed may not 
be applicable to the general population considering that the participants of Jariyasunant 
et al. (2015) are undergraduate students who present a small portion of the general popula-
tion with unique sociodemographic and behavioral characteristics.

Meloni et al. (2014) proposed an Individual Persuasive Eco-Travel Technology (IPET) 
platform for promoting sustainable travel mode usage (bus, walking, and cycling) that pro-
vides economic, health, and environmental feedback (indirect tangible benefits). It has 
gamification components in the form of points and a leaderboard system and offers vir-
tual badges to its users based on the challenges they completed. It also provides persua-
sive messages that combine text and images in different forms to discourage driving alone 
and encourage using sustainable travel modes. IPET also has social components that allow 
users to share their points and badges online and compare them with other users. Meloni 
and Teulada (2015) reported the initial results of a pilot test experiment using IPET of 
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15 people and suggested that participants had a very positive view of the app. Piras et al. 
(2018) presented a two-phase pilot test of IPET: the first phase focused on improving the 
app design and the second phase focused on evaluating the effectiveness of the app for pro-
moting sustainable travel behavior. 28 graduate students (mostly male) from Cagliari, Italy, 
were selected for the second phase pilot test and 6 of them who traveled mainly by car 
were selected to evaluate if IPET can promote sustainable travel mode usage. In addition 
to the functions provided in IPET, Piras et al. (2018) also provided a gift card to incentiv-
ize participants to score the highest points. Two out of six participants changed their travel 
behavior and used the suggested sustainable travel modes, one of them only tried it once 
but did not continue, and the rest three did not change their behavior at all. Overall, their 
results showed that automobile travel and emissions were reduced by 47.7% and 35.4%, 
respectively, and the calories burned increased by over 200% after using IPET.

Bordin et al. (2014) and Kazhamiakin et al. (2015) presented a series of apps such as 
ViaggiaTrento & Viaggia Rovereto Play & Go (Trento and Rovereto are two neighbor-
ing cities in Italy) that were designed to promote sustainable travel behavior. These apps 
provide users with multimodal travel information and offer economic, health, and envi-
ronmental feedback (indirect tangible benefits). They have gamification components that 
provide points if users traveled with sustainable travel modes and award virtual badges to 
their users if they completed some pre-defined quests (e.g., traveling by bicycle for the 
first time). They have social components that allow users to share and compare the points 
they collected. Kazhamiakin et  al. (2015) conducted a three-phase experiment using 40 
Viaggia Rovereto Play & Go users to study its impacts on promoting sustainable travel 
mode usage. In Phase I (1 week), participants’ travel behavior baseline was established. 
In Phase II (2 weeks), participants were provided with various types of information-based 
feedbacks. In the final phase III (2 weeks), the gamification and social components were 
introduced and users with the top three highest points at the end of the experiment were 
provided with rewards (a 1-month free pass to a bike-sharing program). The experiment 
results show that the information and feedback (Phase II) and social and gamification com-
ponents (Phase III) contributed to the effectiveness of reducing the percentage of kilom-
eters traveled by car (from 49, to 34%, to 21%) and promoting walking (from 5%, to 8%, to 
12%), and cycling and cycling sharing (from 3%, to 9%, to 13%).

Di Dio et al. (2015) proposed an app, named “TrafficO2”, to promote using sustainable 
travel modes by providing economic, health, and environmental feedback to its users (indi-
rect tangible benefits). Its gamification components allow users to earn points by using 
sustainable travel modes and offer achievable quests and challenges to its users. Users can 
also get direct tangible benefits from the app by redeeming their points for benefits pro-
vided by local business sponsors. Di Dio et  al. (2015) presented the results of two field 
tests conducted in 2014 using student participants from the University of Palermo in Italy 
(77 and 245 people, respectively). Both field tests suggested that participants’ travel-
related  CO2 emission was reduced after using the app (about 30% reduction). This effort 
was later expanded to include over 2000 students at the University of Palermo and man-
aged to reduce the carbon emissions associated with active users by more than 40%. Based 
on the successful experience of  TrafficO2, Mobility Urban Values (MUV) app was created 
based on the concept of  TrafficO2 in 2017 to promote more sustainable and healthy travel 
modes in six different European cities (Di Dio et al. 2019). Apart from the functions that 
were adopted from  TrafficO2, MUV also incorporate more gamification components such 
as virtual badges and avatar, training (e.g., providing tasks and materials to improve user 
understanding of the app), and collaboration among users (e.g., some users reduce their 
 CO2 emissions together). The project ended on May 30th, 2020, and studies related to this 
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project are expected to be available soon. Dastjerdi et al. (2019a, b) proposed a multimodal 
travel planner app (RMTP) to promote sustainable travel behavior by providing economic, 
health, and environmental feedback (indirect tangible benefits). It has gamification com-
ponents that provide actionable challenges to its users for using more sustainable travel 
modes. Users can collect bonus points if they use more sustainable travel modes and these 
points can be redeemed through the app’s loyalty program to get free services or public 
transport tickets (direct tangible benefits). It also has social components that allow users 
to share information (e.g., calories burnt) on social media. Dastjerdi et al. (2019a, b) sug-
gested that RMTP is still under development and more gamification and social components 
can be added in the future.

Tripzoom, SUPERHUB, and Tripod are one of several early apps that introduced sys-
tem-level management in the app. Tripzoom collects mobility data and travel patterns from 
individual users and provides economic, health, and environmental feedback to them. It 
also motives its users to change their mode choice behavior by offering dynamic direct tan-
gible incentives based on each choice’s contribution to improving the system performance. 
Such mechanisms benefit the system performance as well as match individual users’ inter-
ests and preferences (Broll et al. 2012). It has gamification components such as points and 
leaderboard systems and virtual budges based on users’ travel behavior. In addition, Trip-
zoom also allows users to connect to various social networking services for social sharing, 
social comparison, and social competition. They proposed to evaluate its potential within 
living labs in multiple European countries. SUPERHUB represents a large-scale effort 
in Europe to provide multi-model travel planning for users to promote more sustainable 
travel behavior (Carreras et al. 2012; Wells et al. 2013). It can provide economic, health, 
and environmental information to its users for different mode choice options and provide 
information-based feedback after travel (indirect tangible benefits). It also includes gami-
fication components in the form of Points Accumulation Gamification Model that allows 
users to collect points for doing behaviors (e.g., using sustainable travel modes) that the 
system deems to be positive, “level-up” based on the points collected, receive badges, and 
complete quests and challenges that are designed based on users’ current progress and sys-
tem-level needs. SUPERHUB also has social components that allow users to share their 
achievements and compare them to other users. As part of the SUPERHUB project, Jylhä 
et al. (2013) proposed an app named MatkaHupi for promoting sustainable travel behavior 
by providing travel-related  CO2 emission information (environmental feedback) and pro-
vide actionable challenges to its users for reducing  CO2 emission by switching from driv-
ing alone to sustainable travel modes. Their pilot study results suggest that participants 
tend to accept and complete these challenges and perceived the actionable challenges posi-
tively. They also concluded that actionable challenges should be more personalized based 
on the participants’ feedback. Tripod is a conceptual smartphone-based system that is 
designed to minimize system-level energy consumption (Azevedo et al. 2018). It provides 
users with economic feedback to different route, mode, and departure time options and 
the amount of direct tangible benefits. Direct tangible benefits are provided in the form of 
redeemable tokens and their amount is based on how much each option contributions to the 
system-wide energy saving. The authors are not able to find field test reports for these apps, 
but all of these studies mentioned future field tests.

Apart from these aforementioned apps that promote sustainable mode shift, some apps 
are designed to promote users to make more informed route choice and departure time 
choice decisions (i.e., designed for driving only), improve physical activity levels, and more 
informed residential location choice decisions (Hu et al. 2015; Guo et al. 2017; Nakashima 
et al. 2017; Roider et al. 2019; Guo and Peeta 2020). Hu et al. (2015) designed a system 
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called Metropia, which can predict future traffic conditions and offers economic feedback 
(e.g., travel time) related to multiple departure times and route choices (indirect tangible 
benefits). Each of these choices was rewarded with different direct tangible benefits based 
on their impacts on improving system-level performance. Hu et  al. (2015) conducted a 
10-week pilot field test among 308 participants in Los Angeles, California, and their results 
showed that participants changed both departure time and route choice for 35% of the trips 
with a travel time saving ranging between 10 and 40%. Guo et  al. (2017) and Guo and 
Peeta (2020) proposed an Interactive Accessibility Map (IAM) to assist relocators to iden-
tify potential residential locations that can best fit their travel needs. Their results showed 
that participants in the experimental group who had access to IAM found residences that 
can better address their travel needs with better accessibility to different trip purposes using 
different modes of transportation compared to those in the control group who did not have 
access to IAM. Overall, the experimental group participants’ weekly driving time is about 
10% less, and walk and transit mode share is 10% and 5% more compared to those in the 
control group. Nakashima et  al. (2017) designed a mobility management app (MM) for 
promoting physical activities by providing health and environmental feedback to its users. 
It has gamification components that reward users with points and badges and offers them 
achievable quests and challenges to complete. MM also has social components that offer 
each user a familiar opponent they can compete with and check their opponents’ points 
in real-time. Nakashima et al. (2017) found that people who used the MM with gamifica-
tion and social components were more engaged in the app, exercised more, became more 
aware of the negative environmental impacts associated with traveling by car, and became 
more willing to change their travel behavior compared to those who were using the MM 
with these components disabled. Roider et  al. (2019) proposed a porotype app (denoted 
as “Roider et al. (2019)” in Table 1) to promote active travel modes among children and 
adolescents. It encourages users to reach specific locations on a map to collect points and 
they can receive more points if they are using sustainable travel modes. These points can 
be redeemed for tangible benefits (e.g., shopping vouchers). A field test of the proposed 
app was conducted among 57 students aged 12–18 in the province of Lower Austria. They 
found most of the students became more aware of the travel-related impacts and walking 
and cycling more often as using these modes can help them collect more points based on 
the self-reported data. At the same time, they also found that many students chose to drive 
to these locations to collect points (the legal age to drive in Austria is 17) and travel more 
frequently so that they can collect more points.

Apart from the aforementioned studies that focused on proposing and developing apps 
for promoting behavioral changes, Vasserman et al. (2015), Khoo and Asitha (2016), Jin 
et al. (2018), and Tang et al. (2019) studied the impacts of several popular travel informa-
tion maps (Google Maps, Apple Maps, and Waze) and ridesharing apps (Lyft, Uber and 
DIDI Chuxing). Vasserman et al. (2015) and Khoo and Asitha (2016) concluded that these 
travel information maps can assist their users to make more informed travel decisions. Jin 
et al. (2018) and Tang et al. (2019) suggested that these ridesharing services can poten-
tially help to reduce private vehicle ownership and vehicle miles traveled. Most of these 
commercial apps have well-designed information-based feedback, gamification, and social 
components, and have great impacts on users’ travel behavior. However, their impacts on 
fostering sustainable mode shifts can be limited as they are designed for commercial usage 
instead of designing for behavioral intervention strategies.

The insights from the aforementioned studies illustrate that these apps can influ-
ence within-day and day-to-day route choice decisions and/or reduce automobile usage 
(e.g., travel distance and time) during the initial implementation period, such as 1 month. 
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However, they also show that these apps have limited ability to influence long-term travel 
decisions, such as inducing mode shifts from driving alone to alternative modes, for four 
key reasons. Firstly, these apps provide personalized travel-related information in terms of 
route and mode suggestions when users input the origin and destination, and information-
based feedback based on their subsequent travel decisions. However, most of these apps 
are designed from an individual user perspective. They do not allow the system operator to 
leverage past travel decisions of users to provide them real-time personalized incentives to 
dynamically influence their short- and long-term travel decisions to achieve system-level 
goals that can potentially benefit both users and non-users. Secondly, most of these apps 
have information sharing, social comparison, and social competition within the community 
(e.g., competing points scored within the community), but lack social components that pro-
vide opportunities for social interactions, cooperation, and support among users, which can 
induce users to make long-term sustainable mode shifts (Abou-Zeid and Ben-Akiva 2011; 
Hamari and Koivisto 2013). In the literature (Lehto and Oinas-Kukkonen 2010; Ploderer 
et al. 2014), some health-related apps have already integrated such social components, and 
shown promising results (e.g., improving app effectiveness in promoting physical activity 
level increase). Thirdly, it is important to note that most of the aforementioned studies only 
provided results of pilot field experiments with limited sample sizes and relatively short 
experiment length. In addition, most of the field experiments are not controlled experi-
ments (with both control and experimental groups) and most studies have not followed 
with its users in terms of their app usage and travel behavior after study completion. It 
may be true that some of the experiments of these apps may be still ongoing considering 
that most of these apps are relatively new and some experiments may be limited because 
of budget constraints. For example, a large study has recently completed its three-year field 
test (from 2017 to 2020) of MUV in six cities across Europe and the results of this study 
can be expected in the future. Large-scale, longitudinal, and controlled studies of these 
apps can potentially provide a better understanding of the impacts of these apps on pro-
moting long-term behavioral changes. Lastly, it is also important to note that many app 
developers understand the importance of providing direct tangible benefits to its users for 
promoting behavioral change and some of them have incorporated this concept in their 
apps (e.g., MUV and RMTP). Some studies (e.g., Kazhamiakin et al. 2015) proposed apps 
that did not offer direct tangible benefits but they did provide monetary rewards in their 
pilot field experiments to boost participation and promote travel behavior changes (e.g., the 
user who scored the highest points at the end of the experiment was rewarded a 1-month 
free pass to a bike-sharing program). However, none of the aforementioned studies have 
conducted controlled experiments that can quantify the benefits of providing direct tangi-
ble benefits to app users by comparing the effectiveness of the apps with and without direct 
tangible benefits in promoting behavioral change.

Pokémon GO

Pokémon GO, a location-based augmented reality (AR) gaming app developed by Nian-
tic, Inc, became the most popular mobile gaming app in the U.S. history in terms of 
its massive daily active users (28.5 million daily unique visitors at its peak in early 
July 2016 in the U.S.) after its release on July 6, 2016, in the U.S. (Allan 2016; From-
mer 2017). As of September 2019, Pokémon GO is ranked as the second most popu-
lar mobile gaming apps in the U.S. with 10.66 million monthly users in the U.S. with 
Google Play Games ranked number one (Statista 2020). One of the important metrics 
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that is used to evaluate the app performance is the 3-day app retention rate which meas-
ures the percentage of users who still use the app 3 days after the initial download (Liu 
et al. 2014; Mehra et al. 2020). According to Mobile App Daily (2019), the 3-day reten-
tion rate for Pokémon GO is around 60% compared to the app industry average 15% 
in 2018. Although the app was created for gaming, it can potentially have profound 
impacts on the travel behavior of millions of users around the globe, partly due to its 
four features, namely information-based feedback, location-based AR, gamification, and 
social components.

Pokémon GO is a free-to-play game that also supports in-app purchases for in-app 
items. All the features of Pokémon GO discussed in this subsection are based on the 
features available by the end of 2016. Figure 1a illustrates Pokémon GO’s user interface 
with the game map that is designed based on the OpenStreetMap data (Juhász et  al. 
2020) (see Fig. 1b). Pokémon GO uses the smartphone’s GPS to display the user’s in-
game avatar on the game map at their real-time location. The users can interact with 
incentivizing fixed- and dynamic-location virtual objects that are overlaid on the game 
map using AR. Interactions with virtual objects require users to be within their 40 m 
interaction radius and can provide users with various types of benefits. For safety 

Fig. 1  Pokémon GO user map interface (a) and corresponding OpenStreetMap display (b)
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reasons, Pokémon GO uses a speed-based safety mechanism that disables most interac-
tions if users are moving faster than approximately 20 km per hour based on the authors’ 
personal experiences.

Pokémon GO has virtual creatures (intangible benefits), Pokémon that users can obtain 
and use to interact with other such creatures in the app (Fig. 1a). There are three ways of 
obtaining a Pokémon: (1) catch it during a wild encounter, (2) hatch it from a Pokémon 
Egg, and (3) evolve a Pokémon caught through a wild encounters or hatched from a Poké-
mon Egg, if possible. For wild encounters, the app dynamically generates Pokémon on the 
game map that users can see and interact with if they are within its interaction radius. The 
density of these Pokémon generally depends on the real-world significance of that location, 
with higher density in more popular real-world locations (e.g., historical monuments). The 
app also features a nearby Pokémon locator that displays approximate locations of Poké-
mon within a certain distance (around one kilometer) from the user. Users have a chance 
to catch a Pokémon during the wild encounter by tossing an in-app virtual item PokéBall 
at the Pokémon (Fig. 2a). They can also use another in-app item Berry to improve their 
catch probability. PokéBalls and Berries (direct tangible benefits) can be collected through 
PokéStops and Pokémon Gyms (Fig. 2b), both of which are fixed-location virtual objects 
displayed on the game map using AR (information-based feedback). Some PokéStops and 
Pokémon Gyms are not reachable by car or transit but are easily accessible by walking 
or cycling (promoting physical activities). PokéStops and Pokémon Gyms can also pro-
vide users with Pokémon Eggs that hatch Pokémon when users walk a pre-defined dis-
tance while using an in-app item Incubator with the app turned on. A maximum of nine 
Pokémon Eggs can be incubated simultaneously. Once a Pokémon is caught during a wild 
encounter or hatched after incubation, it will provide the user with Stardust and Candies 

Fig. 2  Pokémon GO wild encounter (a), item collection (b), and virtual badges (c)
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that can be used to evolve certain Pokémon. Once a Pokémon is obtained using the afore-
mentioned methods, it will come under the ownership of the user. Each unique Pokémon 
type obtained by the user is logged into the user’s Pokédex, a comprehensive in-app Poké-
mon logbook. One major goal of the game is to log all the unique Pokémon entries in the 
Pokédex (Oleksinski 2016).

Pokémon GO also has social components that can potentially promote social collabora-
tion and social competition. There are three teams in Pokémon GO and users can choose 
to join one of them. They cannot switch to another team. Users can collaborate with other 
users from the same team and compete with users from rival teams for the control of the 
Pokémon Gyms using Pokémon (i.e., Pokémon Gym Battles). Users can capture a Poké-
mon Gym after winning a Pokémon Gym Battle and assign one Pokémon to control it. 
Each user can only assign one Pokémon per Pokémon Gym and up to ten users from the 
same team can control a Pokémon Gym at the same time. Controlling the Pokémon Gym 
can provide users with in-app currency over time (direct tangible benefits). Participating in 
a Pokémon Gym Battle takes a relatively longer time (a few minutes) compared to interact-
ing with a PokéStop (a few seconds). Users can speed up the process of Pokémon Gym 
Battles by collaborating with users of the same team. Users often use social networking 
platforms (e.g., Discord) to coordinate Pokémon Gym Battles. Users do not need to share 
any personal information with others to participate in Pokémon Gym Battles as in-game 
interactions and social platform coordination can be done anonymously using their user-
names. Nevertheless, users can still progress in the game without participating in Pokémon 
Gym Battles. Pokémon GO records all of the aforementioned app-related activities (e.g., 
types of unique Pokémon caught) and awards its users with virtual badges (Fig. 2c) when 
they reach certain milestones (intangible benefits).

Pokémon GO can potentially influence users’ travel behavior. It leverages AR to display 
incentivizing fixed-location (PokéStops and Pokémon Gyms) and dynamic-location (Poké-
mon) virtual objects for in-app items (direct tangible benefits) to encourage users to travel 
to these locations (economic feedback). This can potentially promote users to change their 
route (e.g., choosing the route with more virtual objects), increase their travel demands 
(e.g., travel more frequently and to different locations to gain in-app items), encourage 
users to collaborate on their travel plans (e.g., carpool for Pokémon Gym Battles), and 
increase walking and cycling distance (e.g., hatch Pokémon Eggs and access PokéStops 
and Gyms that are not easily accessible by car or transit). In addition, social competition 
component leverages people’s natural desires for mastery, achievement, status, and com-
petition in games (Hamari et al. 2014) to provide users with intangible benefits such as a 
sense of involvement, satisfaction, and achievement. Social components (collaboration and 
competition) along with the integration of gamification provide intangible benefits to users 
that can increase the app’s attractiveness and sustain long-term user engagement by reduc-
ing the dropout rate (O’Brien and Toms 2008; Gerlich et al. 2015).

Despite the potential impacts of Pokémon GO on influencing travel behavior, most 
existing studies focus on understanding its safety and health impacts. Distracted driving, 
cycling, and walking, trespassing, entering areas where users do not feel safe, and sacrific-
ing sleep have been identified as Pokémon GO’s key safety and health hazards, particularly 
among male or younger generation users (Ayers et al. 2016; Barbieri et al. 2017; Dorward 
et al. 2017). In terms of Pokémon GO-related health impacts, most studies concluded that 
Pokémon GO can promote physical health among its users by encouraging walking and 
discouraging sedentary behavior (Althoff et al. 2016; Barkley et al. 2017; Xian et al. 2017; 
Wagner-Greene et al. 2017; Wong 2017; Guo et al. 2020a), have the potential to improve 
mental health particularly among people with dogs or social anxiety (Tateno et al. 2016; 
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Kato et al. 2017; Kogan et al. 2017), and improve the cognitive performance and emotional 
intelligence in adolescent youth (Ruiz-Ariza et al. 2018). A few studies also investigated 
the factors that impact how long and how frequently Pokémon GO users use the app (Kacz-
marek et al. 2017; Rasche et al. 2017; Rauschnabel et al. 2017).

It is important to note that Pokémon GO is a commercial gaming for-profit app compared 
to most of the existing travel-oriented apps described in “Mobile apps for behavioral inter-
vention strategies” section. While the app mechanisms encourage users to walk more, it is 
not designed to promote a mode shift from driving to more sustainable modes. Some of its 
mechanisms can be bypassed with in-app purchases (e.g., users can buy in-app items instead 
of collecting them from PokéStops and Pokémon Gyms). In addition, it does not provide 
route and mode options and directions to its users to reach various virtual objects at different 
locations. Some of the app mechanisms also increase travel demand (e.g., travel to differ-
ent locations to catch Pokémon). Furthermore, it is important to emphasize the potential 
safety risk related to using Pokémon GO while driving, cycling, and walking compared to 
using other travel-oriented apps. Most of the travel-oriented apps do not require their users 
to continuously and actively interact with the app while traveling. Similar to engaging in 
phone-related activities (e.g., making phone calls and texting), using Pokémon GO to locate 
and interact with virtual objects can increase users’ safety risk exposure due to app-related 
distracted driving, cycling, and walking (Ayers et al. 2016; Serino et al. 2016; Sawano et al. 
2017; Chen et al. 2018; Faccio and McConnell 2020; Guo et al. 2020a). There are also limi-
tations to these speed-based safety mechanisms used by Pokémon GO. Many Pokémon GO 
users may choose to intentionally drive slower so that they can bypass the safety mecha-
nisms and use the app while driving.

Objectives

This study aims to understand the impacts of Pokémon GO on travel behavior by answer-
ing the following research questions. First, how frequently users make route changes for 
work/school and non-work/school trips based on fixed-location virtual objects (i.e., PokéS-
tops and Pokémon Gyms) to accrue in-app items for direct tangible benefits and collectible 
achievements (e.g., virtual badges for visiting a certain number of PokéStops), and how 
frequently users make route changes for dynamic-location virtual objects with in-app bene-
fits (i.e., Pokémon)? Addressing these questions can help to explain why users change their 
route based on fixed-location and dynamic-location virtual objects, and explore the poten-
tial of introducing virtual objects with incentives through AR-technologies to change users’ 
route choice decisions in real-time. Second, how likely is it for the users to carpool more 
instead of driving alone for increased social interactions and collaboration (i.e., additional 
in-app collaboration)? This can illustrate the potential of using the social components for 
interactions and collaboration in Pokémon GO or designing similar apps to promote mode 
shift from drive alone to carpool. Third, how likely are users to shift from drive alone to 
sustainable travel modes if provided with additional in-app benefits? Answering this ques-
tion can shed some light on the potential for system operators and policymakers to leverage 
Pokémon GO or designing similar apps with integrated AR, gamification, and social com-
ponent to provide additional incentives for promoting mode shift from drive alone to more 
sustainable travel modes.

The remainder of the paper is organized as follows. In “Survey design, implementa-
tion, and descriptive sociodemographic statistics” section describes the survey design, 
implementation, participants’ characteristics, and the impacts of Pokémon GO on users’ 
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route and mode choice decisions. In “Methodology section presents econometric mod-
els to understand the impacts of users’ sociodemographic and behavioral characteristics, 
familiarity with and involvement in the app, and app usage behavior on travel behavior 
of interest. Model estimation results are presented in “Model estimation results” sec-
tion. In  “Concluding comments” section provides some conclusions, summarizes key 
policy implications, and identifies future research directions along with some sugges-
tions for future apps for influencing travel behavior.

Fig. 3  Survey flow
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Survey design, implementation, and descriptive sociodemographic 
statistics

This study draws on an anonymous online questionnaire-based survey the authors conducted 
in the U.S. between September 7, 2016 and December 12, 2016. This study was approved by 
Purdue University’s Institutional Review Board. The survey flow is shown in Fig. 3.

At the beginning of the survey, an informed consent was presented to the potential par-
ticipants. In the consent form, we explained the study purpose and expected the partici-
pants to self-report how they use Pokémon GO. To capture how people use Pokémon GO 
in the real-world, to the best of the authors’ ability all questions were worded in a neutral 
way without suggesting how users should or should not use Pokémon GO. The risk of par-
ticipating in the survey is considered as no risk that is greater than everyday activities in 
this study. The risk of breach of confidentiality is minimal as the study is anonymous.

Once the participants gave consent, they were asked questions related to their sociode-
mographic and behavioral characteristics. If they are both users and have a valid U.S. driv-
er’s license, additional questions were asked related to their Pokémon GO usage behavior. 
After the completion of the survey, all participants received a Thank You Email in which 
the authors highlighted potential risks associated with using Pokémon GO while driving, 
cycling, and walking, and were asked participants to provide suggestions and share their 
personal Pokémon GO related stories.

Participants were recruited based on the criteria that they are at least 18 years old and 
live in the U.S. at the time of completing the survey. Flyers with an online questionnaire 
link were placed in several businesses and educational institutions in Indiana, Kentucky, 
Tennessee and California, and posted on social networking services (e.g., Facebook) and 
online forums (e.g., Reddit). In addition, participants were also recruited by contacting 
employers and educational institutions in the U.S. to distribute recruitment emails. Cash 
incentives were offered to increase response rate. Two winners among participants who 
completed the survey were selected using random draws and each received 50 dollars. 
Participation in the survey is voluntary, and participants can end the survey at any time. 
The recruitment and data collection protocol were approved by Institutional Review Board 
at Purdue University. The data collection and preliminary analysis were completed at the 
beginning of 2017; all participants received a preliminary study report containing some of 
the descriptive statistics and some discussions related to the results. Additional discussions 
related to Pokémon GO and user safety were also included in the report (e.g., users in Cali-
fornia should not use the app while driving since it is illegal).

1036 participants completed the survey, and 19 of them were excluded because of mis-
matching self-reported residence location and IP-based geolocation collected by the sur-
vey. Among the remaining 1017 participants, 493 participants were still using Pokémon 
GO (i.e., Pokémon GO users) and 524 participants were not, based on their self-reported 
information. Participants were from 41 different states in the U.S., with the top three in 
terms of number of participants being from Indiana (N = 114), California (N = 65), and 
Texas (N = 32). Table 2 presents the participants’ sociodemographic characteristics. Chi-
square two-sample tests were used to evaluate if there are statistically significant differ-
ences between the user and non-user groups. If p < 0.05, it suggests that the distribution 
of the outcome is different between two groups. Two key observations can be made from 
Table 2. On one hand, most participants are either single, Millennials (between 20 and 35 
of age at the time of the survey), highly educated (college degree or above), or work as 
full-time employee, and nearly half of them are Pokémon GO users. This is likely because 
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of the voluntary nature of the survey and online survey distribution methods, and our par-
ticipants represent subpopulations who have better access to the Internet, have higher inter-
est in apps, are more likely to play Pokémon GO, and/or are more likely to know someone 
who plays Pokémon GO, making them more likely to access and complete the survey. On 
the other hand, user and non-user groups are very different in most sociodemographic char-
acteristics based on Chi-square test, except for age, marital status, hours of exercise per 
week, and residential location’s levels of urbanization. It is important to note that survey 
participants are not representative of the general population. Thus, the descriptive sociode-
mographic characteristics of the study participants may not reflect the population differ-
ences between Pokémon GO users and non-users.

Pokémon GO users were asked two questions: “Have you changed your most com-
mon mode of transportation to work or school because of playing Pokémon GO?” and 
“Have you changed your most common mode of transportation to places other than work 
or school because of playing Pokémon GO?”. Table 3 summarizes the travel mode shift 
of users who had changed their most common mode of transportation for work and non-
work trips. 50 of 493 (10.1%) have changed their most commonly used mode for work trips 
and 92 of them (18.7%) have changed their most commonly used mode for non-work trips 
because of Pokémon GO. The most common mode change in terms of the number of users 
is from driving alone to walking for both work and non-work trips. It is important to note 
that the term “carpooling” in Table 3 includes traveling with family members and friends 
(as a driver or as a passenger) and ridesharing. These users were also asked multi-select 
questions related to the reasons behind their mode shift. “To hatch eggs faster” (80.0% for 
work trips and 81.6% for nonwork trips, respectively) and “to catch more Pokémon” (76% 
and 81.6%, respectively) are the top two reasons behind their mode shift.

It is important to note that only a small portion of the users changed their most com-
mon mode of transportation for work and non-work trips from driving alone to other 

Table 3  Travel mode shift for (a) work and (b) non-work trips because of Pokémon GO (N = 493)

The bold numbers indicate people who made the mode shift; the italic numbers indicate people who did not 
make a mode shift (has the same mode of transportation before and after using Pokémon GO)

Before After Before total

Driving alone Carpooling Walking Transit Biking

(a)
 Driving alone 397 1 13 2 4 417
 Carpooling 2 12 3 2 0 19
 Walking 0 0 15 3 0 18
 Transit 0 1 13 15 0 28
 Biking 1 0 5 0 4 10
 After total 400 14 49 22 8 493

(b)
 Driving alone 352 10 33 5 5 405
 Carpooling 0 19 8 0 3 30
 Walking 0 0 18 3 1 22
 Transit 0 0 20 9 0 29
 Biking 0 0 4 0 3 7
 After total 352 29 83 17 12 493



414 Transportation (2022) 49:395–444

1 3

modes of transportation. 20 out of 417 participants (4.8%) and 53 out of 405 participants 
(13.1%) changed their most common mode of transportation from driving alone to other 
alternatives for work and non-work trips, respectively. This is well below the mode shift 
observed in studies such as Jariyasunant et al. (2015) in the U.S. in which miles traveled by 
car dropped around 40% and Kazhamiakin et al. (2015) in Italy in which car mode share 
reduced from 49 to 21% was observed around the time of this study.

Among the 493 Pokémon GO users, 400 of them has a valid US driver’s license and use 
driving alone mode as their most common mode of transportation to work or school. These 
users (N = 400) were asked additional questions related to the travel decisions of interest to 
understand the impacts of Pokémon GO on its users’ driving route choice and promoting 
mode shift. Table 4 presents aggregated statistics of six travel decisions of interest that are 
reported on a 5-point Likert scale.

It is important to note that mode shift questions in Table  4 (i.e., BUS and NON-
MOTORIZED) are stated preference questions related to their likelihood of riding a bus 
more and using non-motorized modes (walking and biking) more if Pokémon GO offers 
additional benefits (e.g., hatching eggs faster and encounter more Pokémon) for using these 
modes compared to driving alone, and their likelihood of carpooling more if Pokémon GO 
offers more in-app collaboration. These results do not imply that people would change their 
most common mode of transportation for work and non-work trips and may only reflect 
people’s willingness to use some modes more for some trips. The actual mode shift per-
centage depends on various factors, such as the amount and the types of additional ben-
efits associated with alternative modes of transportation, the availability of the alternative 
modes, and the feasibility of making mode shifts. Additional studies are needed to quan-
tify the impacts of additional benefits provided by Pokémon GO on promoting travel mode 
shifts.

Methodology

To understand the impacts of various contributing factors (including sociodemographic 
and behavioral characteristics, familiarity and involvement with Pokémon GO, and app 
usage behavior) on six travel decisions of interest, and to capture heterogeneity among 
users, six random parameters ordered probit models (Mannering et  al. 2016) are used 
to analyze self-reported travel decisions of users who have a valid U.S. driver’s license 
and use driving alone as their most common mode of transportation for work trips (driv-
ers) (N = 400) (Table 3). It is important to note that both ordered probit and ordered logit 
models can be used to analyze an ordinal dependent variable. The key difference between 
these models is that ordered probit models assume the random error term in in Eq. 1 to 
be normally distributed across observations while ordered logit models assume it to be 
logistically distributed. Washington et al. (2010) suggested that the ordered probit is usu-
ally chosen over the ordered logit because of the underlying assumption of normality of the 
error term in many studies. Long and Freese (2014) and Williams (2016) argued that the 
proportional odds assumption (i.e., the effects of any explanatory variables are consistent 
or proportional across the different thresholds) in ordered logit models is frequently vio-
lated based on empirical evidence, while ordered probit models do not need to meet this 
assumption. Several studies also suggested that both models produced very similar results 
(Quddus et  al. 2002; Abdel-Aty 2003; Jalayer et  al. 2018). In this study, ordered probit 
models are used.
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The generalized ordered probit models can be formulated as follows (Washington et al. 
2010):

where y∗
n
 is a latent variable determining the discrete ordered outcomes for each obser-

vation, n (n = 1,…, N, where N = 400 is the total number of observations included in the 
model), Xn is the vector of independent variables considered affecting the dependent vari-
able, � is the vector of estimable coefficients, and �n is a random error term assumed to fol-
low a standard normal distribution.

The value of the dependent variable for observation is defined as,

where � are estimable parameters or thresholds that define yn as integer ordering converted 
from ordered responses, and I is the highest integer ordered response. For example, in this 
study, the responses to “how frequently do you change route for work trips to interact with 
PokéStops and Gyms (i.e., fixed-location virtual objects)” were converted to integers (e.g., 
never = 1, rarely = 2, sometimes = 3, and almost always or most of the time = 4).

� and � were estimated jointly by determining the probability of I specific ordered 
responses for each observation n. Hence, the ordered probit model results can be presented 
in the form of ordered selection probabilities as follows,

where Φ(⋅) is the cumulative normal distribution function.
Previous studies in the transportation domain (e.g., Christoforou et  al. 2010; Zhang 

et  al. 2014; Guo and Peeta 2015; Guo et  al. 2016a, b) have utilized random parameters 
models to capture the unobserved heterogeneity present in the data. Fixing the parameters 
to be constant when they vary across observations can lead to inconsistent, inefficient, and 
biased parameter estimates (Washington et  al. 2010). By adding an error term that cor-
relates with the unobserved factors in � , individual heterogeneity can be translated into 
parameter heterogeneity as follows (Greene 2000):

where �n is a randomly distributed term. 300 Halton draws are used in simulated maximum 
likelihood estimation for random parameters ordered probit models (Washington et  al. 
2010).

In addition to the random parameters ordered probit models, two other types of 
econometric modeling approaches were considered, including those that can capture 

(1)y∗
n
= �Xn + �n

(2)

yn = 1 if y∗
n
≤ 𝜇

0

yn = 2 if 𝜇
0
< y∗

n
≤ 𝜇

1

yn = 3 if 𝜇
1
< y∗

n
≤ 𝜇

2

y = …

yn = I if y∗
n
> 𝜇I−1

(3)

Pn

(

yn = 1
)

= Φ
(

−�Xn

)

Pn

(

yn = 2
)

= Φ
(

�
1
− �Xn

)

− Φ
(

−�Xn

)

Pn

(

yn = 3
)

= Φ
(

�
2
− �Xn

)

− Φ
(

�
1
− �Xn

)

…

Pn

(

yn = I
)

= 1 − Φ
(

�I−1 − �Xn

)

(4)�n = � + �n
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potential correlations among dependent variables and the others that are designed for a sin-
gle dependent variable. Modeling approaches belonging to the former type include bivari-
ate ordered probit (Yamamoto and Shankar 2004), multivariate ordered probit (Hasegawa 
2010), random parameters bivariate ordered probit (Anastasopoulos et  al. 2012; Russo 
et al. 2017) models, and modeling approaches belonging to the latter type include random 
parameters ordered probit with random thresholds (Fountas and Anastasopoulos 2017), 
and correlated random parameters ordered probit (Fountas et  al. 2018) models. Some 
recently developed methods such as mixed generalized ordered models (Bhowmik et  al. 
2019), latent class ordered probit (Fountas et  al. 2018), and zero-inflated ordered probit 
models (Fountas and Anastasopoulos 2018) were not considered but are worth exploring in 
future studies.

To assess the statistical performance of two competing modeling approaches or models, 
likelihood ratio tests were conducted (Washington et al. 2010):

where LL
(

�lc1
)

 and LL
(

�lc2
)

 are the log-likelihood functions at convergence of two 
models. The statistical test follows a chi-squared distribution, and is defined by degrees of 
freedom equal to the difference in the number of estimable parameters between the com-
peting models.

Three types of goodness-of-fit measures are also computed, including the McFadden 
pseudo-R2, the Akaike Information Criterion (AIC), and the corrected Akaike Information 
Criterion (AICc). Models with higher values of McFadden pseudo-R2, and lower values of 
AIC and AICc are considered to have better statistical fit (McFadden 1981; McFadden and 
Train 2000). Several distributions for random parameters were explored, including normal, 
uniform, triangular, Weibull, and lognormal. The normal distribution was found to provide 
the best statistical fit, which is consistent with several previous studies (Anastasopoulos 
2016; Guo et al. 2018). Random parameters ordered probit models are used and presented 
in “Concluding comments” section based on likelihood ratio tests and good-of-fit meas-
ures. Other modeling methods are not used as they are unable to converge or have rela-
tively low goodness-of-fit compared to the final random parameters ordered probit models.

Model estimation results

Table 5 presents descriptive statistics of independent variables that were found to have sta-
tistically significant correlations with the dependent variables ( z ≥ 1.96 or statistically sig-
nificant at 0.95 level of confidence) in the final models. Apart from the variables included 
in Table 5, other potential independent variables were also considered which are presented 
in “Appendix”. The selection (or exclusion) of independent variables was mainly based 
on three tests, including Kendall’s Tau test, variance inflation factor (VIF) analysis, and 
the variable coefficient’s z-statistics in the model estimation. Kendall’s Tau test is used to 
measure the strength and direction of the association between two variables measured on at 
least an ordinal scale (Akoglu 2018). If the absolute value of the correlation coefficient ( �b ) 
between two variables using Kendall’s Tau test is larger than 0.3, it suggests that these two 
variables have a moderate or strong correlation between these variables which violate the 
order probit model assumption that independent variables should be independent. Table 6 
presents Kendall’s Tau test of the independent variables used in the study. VIF is used to 
measure and quantify how much the variance of independent variables are inflated due to 

(5)X2 = −2
[

LL
(

�lc1
)

− LL
(

�lc2
)]
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multicollinearity in the model. If a variable’s VIF is larger than 2.5, it suggests that there 
is a strong possibility of multicollinearity in the models because of the variable (Daoud 
2017). If an independent variable’s absolute value of z-statistics in the model estimation 
is smaller than 1.96 (or p > 0.05), it suggests that this variable does not have a statistically 
significant correlation with the dependent variable. In this study, all independent variables 
included satisfy the requirements of all three tests (i.e., �b ≤ 0.3 , VIF ≤ 2.5, and p < 0.05). 
Tables 7, 8, 9, 10, 11 and 12 present the final six models using random parameters ordered 
probit models based on statistical performance comparison and goodness-of-fit measures. 
Both the z-statistics and marginal effects are also presented.       

The model estimation results in Tables  7, 8, 9, 10, 11 and 12 illustrates that certain 
subpopulations of Pokémon GO users are more likely to change their route choice deci-
sions based on fixed- and dynamic-location virtual objects, willing to use the bus and non-
motorized modes more if provided with additional benefits, and willing to use carpool 
more if provided with additional social components. These subpopulations can be identi-
fied through four types of variables, including attitude and perceptions related to Poké-
mon GO, app engagement, play style, and sociodemographic characteristics. Four types 
of attitude and perceptions related to Pokémon GO were considered, including perceived 
app familiarity, perceived app safety (i.e., perceived safety of using Pokémon GO while 
driving and walking and opinion of restricting Pokémon GO usage while driving), per-
ceived impacts on driving distance, and perceived health benefits (i.e., whether Pokémon 
GO makes them walk more and healthier). Two app engagement factors include the money 
spent on the app and their willingness to use the app for the long term. Three play style fac-
tors are co-op users (i.e., the user “almost always” or “most of time” carpools to collabo-
rate in Pokémon), driving-oriented users (i.e., the user drives around because of Pokémon 
GO “at least twice a week”), and walking-oriented users (i.e., the user “almost always” or 

Table 6  Correlation matrix of independent variables

*Interpretation of correlation coefficients is based on Akoglu (2018)
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“most of the time” uses Pokémon GO while walking). Five sociodemographic characteris-
tics are gender, annual driving distance, driving distance to work, age, and marital status.

Attitude and perceptions

The model results show that users who perceived they were “extremely familiar” with the 
app are more likely to report higher frequency of route changes for work and non-work 
trips. Their extreme familiarity with the app in terms of app mechanics and locations of 
virtual objects allows them to frequently change routes based on fixed-location virtual 
objects for both work and non-work trips (e.g., amount of in-app benefits on each route), 
along with other route characteristics (e.g., travel time). In addition, such users are more 
likely to be willing to ride a bus if it provides additional in-app benefits. This illustrates 
that users with higher familiarity with the app may be more susceptible to its influence in 
making travel behavior changes. Niantic, the developer of Pokémon GO, and online and 
offline communities of Pokémon GO provide numerous supplementary materials for the 
app such as usage tutorials and official and nonofficial moderated online forums for app 
information sharing and discussions that allow Pokémon GO users to improve their famili-
arity with the app. Such materials and online forums are often lacking in some of the apps 
developed for influencing travel decisions in the literature (Table 1) which may limit the 
effectiveness of such apps.

Three variables related to perceived app safety were found to affect Pokémon GO’s 
impacts on users’ route and mode choice decisions. Users who consider that using Poké-
mon GO while driving is “definitely” or “probably” dangerous are less likely to frequently 
change route for work trips. The model results show that most users who consider that 
Pokémon GO while driving should “definitely” or “probably” not be forbidden are less 
likely to frequently change route for non-work trips, more likely to frequently change route 
based on dynamic-location virtual objects, more likely to carpool more instead of drive 
alone, and less likely to make mode shift from drive alone to non-motorized modes if pro-
vided with more incentives. These results show that most users who may want to have the 
option of using Pokémon GO while driving (as they do not want “driving and using the 
app” to be forbidden) are more likely to change driving-related Pokémon GO usage behav-
ior. Since this variable is modeled as a random parameter, it also suggests that some of such 
users behave the opposite. This shows that some users may just want to have the option of 
using Pokémon GO while driving, but are less likely to change their behavior because of 
Pokémon GO. Users who consider that using Pokémon GO while walking is “definitely” 
or “probably” not dangerous are less likely to use carpool more instead of drive alone, and 
most of them are less likely to be willing to shift to riding a bus if it provides additional 
in-app benefits compared to driving alone. It is possible that such users may spend most 
of their time on Pokémon GO while walking, and they may not be willing to make driving 
behavior changes or mode choice decision changes.

Users who perceive that playing Pokémon GO “definitely” or “probably” increases 
weekly driving distance, are more likely to report a higher frequency of change in their 
routes for collecting dynamic-location incentives. They are also likely to carpool to mit-
igate increased driving. In addition, model estimation results illustrate heterogeneity in 
behavior among such users, in terms of their willingness to ride a bus or non-motorized 
modes if provided with additional in-app benefits. Most of such users are willing to shift 
to bus or non-motorized modes if provided with additional in-app benefits. It suggests 
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that the current mechanisms used in Pokémon GO do not curb the potential induced 
driving demand caused by users who are hunting for incentives.

Users who consider that Pokémon GO has potential health benefits (using Pokémon 
GO “definitely” or “probably” makes them walk more or healthier) are likely to carpool 
more instead of drive alone, and are willing to shift from drive alone to bus or non-
motorized modes if additional in-app benefits can be accrued. These results illustrate 
that although Pokémon GO does not directly provide health feedback, it may foster the 
belief of increased physical health among its users, making them more susceptible to 
the influence of the app in changing their route and mode choice decisions.

Engagement

Two variables related to current and potential future app engagement variables were 
found to affect Pokémon GO’s impacts on users’ route and mode choice decisions. Most 
users who spent “at least $10” in the app are more likely to frequently change their 
route choice because of fixed-location virtual objects and carpool more instead of drive 
alone, and are more willing to use non-motorized modes if provided additional in-app 
benefits to enhance their app usage experience. Also, they collect more in-app benefits 
as they may feel more invested or engaged with the app. As shown in YouGov (2016), 
over 70% of Pokémon GO users do not spend any money in the app, and only around 
10% of them spend over $20. In Pokémon GO, users can access all the basic app func-
tions but are required to pay real money for advanced functionality or virtual items. 
Such apps are classified as “freemium” app services (Liu et al. 2015). As shown in the 
literature, paying and nonpaying app users often behave differently in other apps, and 
paying app users often exhibit a stronger loyalty to the app (Hsu and Lin 2015; Hsiao 
and Chen 2016). These results illustrate the potential differences between paying and 
nonpaying Pokémon GO users. However, since this variable is modeled as a random 
parameter, it also suggests that some of these users may spend money to accelerate or 
bypass app mechanisms for improving their app experience rather than adjusting their 
travel decisions based on app mechanisms. This result is often observable in gaming 
apps where some users choose to improve their skill or spend time on the apps to make 
progress, while others choose to accomplish that by spending money (Hsiao and Chen 
2016). This illustrates the limitations of gamification; that is, some gamification features 
may motivate certain users to spend money and can be profitable to developers, but their 
influence on travel decisions of such users may be limited.

Most users who reported higher willingness to engage with Pokémon GO for a relatively 
longer term (“extremely likely” to use for the next 3 months) are more likely to be influ-
enced by the app to change their route and mode choice decisions (except for mode shift 
from drive alone to bus for more incentives). It suggests that retaining users by maintaining 
or increasing their engagement with Pokémon GO plays an important role in affecting the 
impacts of the app on travel decisions. This is achieved by improving game design through 
regular app updates to improve user experience (e.g., new Pokémon and PokéStop), and 
promoting social interactions among users to improve long-term user engagement (e.g., 
Pokémon exchange and new Gym battle mechanisms). In addition, as this variable has ran-
dom parameters in most models, it also shows heterogeneities exist among these users as 
some of them may not be willing to change their behavior to enjoy the game.
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Play style

In terms of users’ play style, three types of possible play styles that affect Pokémon GO’s 
impacts on users’ route and mode choice decisions have been identified, including co-op 
users, driving-oriented users, and walking-oriented users. Most co-op users (i.e., “almost 
always” or “most of time” carpools to collaborate in Pokémon GO) are more likely to fre-
quently change their route choice decisions based on fixed-location virtual objects during 
both work and non-work trips. These users are likely those who: (1) enjoy the social inter-
actions through the app, (2) seek other users’ help to play the game so that they can gather 
in-app benefits without compromising driving safety, (3) have a social group of Pokémon 
GO, or (4) seek to complete the achievements that cannot be accomplished as a solo user. 
It is possible that these users make route decisions as a collective group which can lead to 
frequent changes in route decisions.

Driving- oriented users represent those who drive around because of Pokémon GO “at 
least twice a week”. They are more likely to frequently change their route choice decisions 
based on fixed- and dynamic location virtual objects. Most walking-oriented users (i.e., 
“almost always” or “most of the time” play Pokémon GO while walking) are more willing 
to shift to bus and using non-motorized modes if additional in-app benefits can be accrued. 
These results suggest that user play style dictates how Pokémon GO and additional in-app 
benefits would affect their travel decisions.

Sociodemographic and behavioral characteristics

Most of the male users are more likely to be willing to shift to bus but less likely to be will-
ing to shift to non-motorized modes if provided with additional in-app benefits compared 
to driving alone. On one hand, these results illustrate that, on average, males embrace new 
technologies more easily, hold more positive attitudes towards and are more attached to 
them, which make them more susceptible to the influence of these technologies (e.g. Lee 
et al. 2014). On the other hand, these results show the heterogeneities among male users in 
terms of their mode shift response toward in-app benefits. Additional studies are needed to 
address the reasons behind such heterogeneities.

Most users who drive 9000 miles or more a year [the national average miles traveled per 
year is 13,476 based on FHWA (2016)] are more likely to carpool more instead of drive 
alone. It is possible that these users already need to drive a lot every day and they want to 
share such burden with others to use the app. Most users whose driving distance to work is 
relatively short (i.e., 20 min or less) are more likely to report higher frequency of changing 
routes to work, possibly because the perceived travel time increase for changing routes for 
a shorter trip is relatively small. Model results also show that providing additional incen-
tives can reinforce the benefits of riding a bus and using non-motorized modes for current 
bus riders and cyclists and motivates them to further reduce automobile usage.

Younger adults (under 26 years of age) are more likely to report a higher frequency of 
route changes for non-work trips or when responding to dynamic app features (i.e., Poké-
mon). Younger adults, who are millennials or post-millennials, are more interested in and 
comfortable with mobile apps compared to older generations (Hopkins and Stephenson 
2014; Owens et al. 2015; Klein and Smart 2017; Hopkins 2016). In addition, as millennials 
and post-millennials start aging, they will likely continue to use apps to make travel deci-
sions, thereby impacting the travel behavior of future older generations.
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Users who are single are more likely to be willing to carpool more instead of driving 
alone for increasing social interactions (such as spending time and socializing with friends) 
if the app can provide additional in-app collaborations. They are more likely to use non-
motorized modes if these modes provide additional in-app benefits compared to driving 
alone. This could be because users who are single are more independent and flexible in 
terms of making mode choice decisions. These users are also more likely to be willing to 
make mode shifts from drive alone to non-motorized modes if additional in-app benefits 
can be accrued.

Model results summary

Table 13 summarizes the potential app design takeaways based on the model estimation 
results. Policymakers and app developers can potentially use these insights to design apps 
that integrate augmented reality (AR), gamification, and social interactions to influence 
travel decisions. In terms of route choice decisions, this study shows that providing in-app 
benefits through fixed- and dynamic-location virtual objects can influence users’ work and 
non-work route choice decisions. Thereby, a system operator can leverage AR in devel-
oping low-cost, app-based solutions to manage traffic in real-time, especially during peak 
hours, by dynamically adjusting the location, content, or timing of virtual objects with pos-
sible direct tangible benefits in the traffic network. From a practical standpoint, these capa-
bilities would be particularly attractive to transportation planning and operational agen-
cies. Rather than relying solely on high-cost, labor-intensive physical infrastructure (for 
example, toll facilities or dedicated lanes), the emerging convergence of smartphone-based 
apps, AR-based technologies, and social platforms can provide opportunities for innova-
tive, incentive-based solutions that are flexible, convenient, and low-cost, and that further 
factor users’ behaviors revealed through the app. Also, at the system level, proposing solu-
tions that are more consistent with user behavior enhances their effectiveness in achieving 
network-wide goals such as enhanced traffic network performance, and reduced emissions 
and/or energy usage.

The use of Pokémon GO can also create emergent challenges such as redundant trips 
made by users to engage in the app-related activities (induced demand) and unsafe driv-
ing maneuvers (e.g., intentionally slowing down to interact with virtual objects). If poli-
cymakers and system operators want to consider collaborating with app developers to 
influence people’s travel behavior, it will be critical to address these issues through proper 
human–machine interface designs and in-app mechanisms, as well as the optimal spati-
otemporal distribution of incentives for making such apps safe and effective while main-
taining their attractiveness. It is also important to address these safety implications as more 
and more location-based AR apps similar to Pokémon GO are developed.

Study limitations

This study has its limitations. First, in terms of the survey data collection process, the vol-
untary nature of and the topic of the online survey can potentially limit the types of par-
ticipants as they are more likely to be either Pokémon GO users or people who show inter-
est in Pokémon GO or apps in general. Also, a sizable portion of the responses (11.2% 
or 114 out of 1017 participants) came from Indiana which may not be representative of 
the general population in the U.S. Second, in terms of the data collected, there are pos-
sible drawbacks to use self-reported behavioral information and stated preference survey 
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data in the online survey. These include, but not limited to, the following (Hessing et al. 
1988; Langenbucher and Merrill 2001; Althubaiti 2016; de Almeida Correia et al. 2019; 
Zheng et  al. 2020): (a) social desirability bias (respondents may choose an answer that 
they perceive to be viewed more favorably by others); (b) recall bias (a systematic error 
caused by variations in the accuracy and/or completeness of the recollections retrieved); (c) 
limited sampling due to respondent availability (e.g., when a survey is conducted online, 
only respondents with internet access will be able to provide their responses); (d) hypo-
thetical bias (respondents may choose an answer in their hope to influence possible policy 
outcomes). In addition, without detailed sociodemographic or behavioral information from 
Niantic (which is unlikely to be released by them) or in the absence of any other studies 
related to understanding the impacts of Pokémon GO on travel behavior to the best of the 
authors’ knowledge (compare the observed impacts), the authors cannot validate the rep-
resentativeness of the sample compared to Pokémon GO users in general. Third, only data 
from self-identified Pokémon GO users was used to analyze the impacts of Pokémon GO 
on route and mode choice decisions. It is not clear if similar observations/attitudes can be 
found among people who do not use or are not interested in using apps like Pokémon GO 
but are asked to use it. Fourth, this study is exploratory in nature due to its novelty, and 
hence, does not control the family-wise error rate, or alternative multiplicity corrections, 
for inflated type 1 error in model estimation. The authors acknowledge that future investi-
gations are needed to further validate the statistical significance of the variables identified 
in this study (Armstrong 2014). Fifth, some of the recently developed models offer the 
potential to accommodate diverse nuances of unobserved heterogeneity (Anastasopoulos 
2016; Guo et al. 2020b). Future studies can be developed to evaluate the potential of using 
such approaches for model estimation. Seventh, additional studies are needed to understand 
Pokémon GO’s potential to influence people’s destinations and the safety implications of 
Pokémon GO. Lastly, Pokémon GO has gone through several major evolutions after the 
survey that may influence the impacts of Pokémon GO on route and mode choice deci-
sions. For example, in 2018, Pokémon GO reworked its friendship system to promote users 
to do collaborative tasks for additional in-app benefits (Pokémon 2020). This may encour-
age people to coordinate their travel more (e.g., going to the same location at the same time 
or carpool together to complete the collaborative tasks on the road). During the COVID-
19 pandemic, Pokémon GO introduced several new features (i.e., stay-at-home benefits) in 
March 2020 to encourage people to stay at home. Additional studies are needed to evaluate 
the impacts of these updates on users’ route and mode choice decisions.

Concluding comments

Study findings and insights related to Pokémon GO’S impacts on users’ route 
and mode choice decisions

This study provides evidence that Pokémon GO could impact users’ route and mode 
choice decisions by leveraging AR, gamification, and social component for interac-
tions. In terms of route choice decisions, this study shows that providing in-app benefits 
(direct tangible benefits) through fixed- and dynamic-location virtual objects using AR 
can influence users’ work and non-work route choice decisions. In Pokémon GO, fixed-
location virtual objects are predetermined by the app, and dynamic-location virtual 
objects are randomly spawned around users. If these virtual objects’ locations can be 
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controlled, it is possible that Pokémon GO can be used to change its users’ route choice 
decisions in real-time. The study results show the potential for policymakers and system 
operators to collaborate with app developers to control the locations of virtual objects 
with direct tangible benefits to influence the route choice decisions of the app users.

Model estimation results related to mode choice decisions suggest that certain sub-
populations of Pokémon GO users have carpooled frequently and are willing to carpool 
more instead of driving alone for more in-app collaboration, and are more willing to 
shift from driving alone to bus and non-motorized modes if provided with additional 
in-app benefits. Several Pokémon GO users have already shifted from driving alone 
to walk for work and non-work trips and increased their daily steps walked (Table 2). 
These results also illustrate the importance of the gamification and social component 
in Pokémon GO. Gamification can encourage individual users to set up personal goals 
(e.g., catching all types of Pokémon), monitor their progress, and acknowledge and 
reward their achievements upon completing these goals. In addition, gamification chal-
lenges individual users to achieve different goals set up by the app developer (e.g., daily 
quest or weekly challenges), encourage users to complete these goals, and feel a sense 
of ownership in achieving them. These intangible benefits can improve the effectiveness 
of the app in influencing its users’ travel decisions. From a policy standpoint, these find-
ings indicate that policymakers can collaborate with app developers to encourage car-
pooling and promote long-term sustainable mode shifts to using transit and non-motor-
ized modes by providing tangible and intangible benefits through AR, gamification, and 
social components for interactions. It is important to emphasize the potential of provid-
ing tangible benefits (particularly direct tangible benefits) in promoting app attractive-
ness and sustained long-term sustainable behavioral changes. For example, transit ser-
vice providers can promote transit usage by linking Pokémon GO with bus smart card 
to provide in-app benefits for every bus ride. Furthermore, incorporating social interac-
tions that encourage carpooling can potentially mitigate safety concerns by distributing 
the driving burden and fostering collaborations in the app.

The social components in Pokémon GO provide individual users with opportunities for 
social interactions that include opportunities for competition (e.g., competing with other 
users to capture Pokémon Gyms), collaboration (e.g., carpooling with other users instead 
of driving alone to use Pokémon GO), companionship (e.g., building friendship with oth-
ers users to use and discuss Pokémon GO together), and social reinforcement (e.g., obtain-
ing support on social media by sharing achievements). Social components, along with the 
integration of gamification, can provide intangible benefits to users for increasing attrac-
tiveness and maintaining user engagement over the long-term to reduce their dropout rate 
(O’Brien and Toms 2008; Gerlich et al. 2015). Furthermore, social interactions foster the 
formation of communities that provide social support to app users, help to spread such atti-
tudes, and establish corresponding social norms. These results show that it is important to 
integrate social components in future apps that are developed to facilitate long-term mode 
shift from drive alone to sustainable transportation mode.

In summary, while the popularity of mobile apps such as Pokémon GO is based 
partly on their entertainment quotient, they also have the potential to provide the basic 
platform for leveraging the increasing ubiquity of mobile devices, the level of com-
fort that Millennials and generations thereafter have with technology and interactions 
thereof, the advances in AR and virtual reality technologies, and the emerging trend 
of virtual socialization and gamification to develop a new generation of incentivizing 
strategies to influence travel decisions that address multiple goals at the individual user 
and system levels. Then, from the traffic system performance perspective, there arise the 
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interesting questions of how to target different subpopulations of travelers through cus-
tomized strategies, and what would characterize the contours of such strategies.

Moving forward beyond Pokémon GO

Based on the findings and insights learnt from understanding the impacts of Pokémon 
GO on route and mode choice decisions, a conceptual framework (Fig. 4) is proposed 
to integrate AR, gamification, and social components through mobile apps (hereafter 
referred to as “integrated apps”) for influencing individual users’ route and mode choice 
decisions, and address goals from the perspectives of both the system operator and indi-
vidual users.

In the proposed framework, the histories of individual users’ travel decisions are col-
lected through integrated apps with users’ identities masked. These travel decision his-
tories, the current system performance, network evolution, and the system-level goals 
are used by the system operator to leverage AR to develop low-cost app-based solutions 
to manage traffic in real-time, especially during peak hours, by adjusting the location, 
content, and/or timing of virtual objects with direct and indirect tangible benefits in 
the traffic network. In-app advertisements from local businesses or online services/sell-
ers can be used for financing direct tangible benefits for the users, which can include 
discount coupons or gift cards. Other app mechanisms such as unlocking additional 
achievements or discounts by using ridesharing service from a partner organization can 
also be explored as the potential sources for providing direct tangible benefits. A key 
policy implication is that by providing such technology-leveraged incentives instead 
of just penalties (e.g., tolls), a system operator can dynamically manage traffic condi-
tions by influencing users’ route choice decisions while fostering sustainable choices 
in the long term and alleviating public acceptance and equity concerns associated with 
market-based solutions. Furthermore, the use of AR is synergistic with the emerging 
connected and automated vehicular technologies that can seamlessly obtain informa-
tion from integrated apps and perform actions automatically based on user preferences, 
thereby reducing their distraction arising from interactions with the app. However, the 
use of such integrated apps can also generate emergent challenges such as redundant 
trips made by users to engage in app-related activities (induced demand) and unsafe 
driving maneuvers (e.g., intentionally slowing down to interact with virtual objects). 
Thus, it will be critical to address these issues through human–machine interface 
designs and in-app mechanisms, and optimal spatiotemporal distribution of incentives 
for making such apps safe and effective while maintaining their attractiveness.

The information on virtual objects will be provided to individual users through an 
integrated app’s interface. The main component of the interface is a virtual traffic net-
work, which is a virtual representation of the real-world physical traffic network and acts 
as an interface between the system operator and users. Through the app’s interface, the 
system operator will provide personalized travel-related (e.g., travel time) and virtual 
objects (e.g., location, content, and/or timing) information associated with route and 
mode options when users input the origin and destination. This information will enable 
individual users to make short-term travel decisions. Based on their travel decisions, the 
app will use the integrated gamification capability to provide information-based feed-
back to influence individual users’ short- and long-term travel decisions. In addition, 
the app will provide achievement feedback through gamification that encourages indi-
vidual users to set up personal economic, health, and environmental goals, monitor their 
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progress, and acknowledge and reward their achievements upon completion of goals. 
For example, the app can create periodic achievement tasks for users to collect energy 
saving points by using transit instead of driving. The integrated gamification can pro-
vide individual users intangible benefits, such as a sense of involvement, satisfaction, 
and achievement by leveraging people’s natural desires for mastery, achievement, status, 

System operator

System performance System-level goals

Augmented reality

Virtual objects

Location ContentTiming

Information-based feedback

Economic

Health

Environmental

Long-term travel decisions

Tangible benefits Intangible benefits

Gamification

Social interactions

Users

Histories of users' travel decisions

Achievement
feedback

App interface: Virtual traffic network

Real-time travel-related information

Short-term travel decisions

Network evolution

Learning

Fig. 4  Conceptual framework for integrated apps
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and competition (Hamari et al. 2014). In addition, gamification can enable the system 
operator to provide achievable economic, health, and environmental goals to individual 
users that can contribute to achieving system-level goals, and encourage users to com-
plete these goals and feel (involved with and) a sense of ownership for achieving these 
goals. These intangible benefits can improve the effectiveness of the app in influencing 
users’ travel decisions. However, it may be beneficial to ensure that gamification related 
experiences are constantly evolving to avoid the potential repetitive nature of tasks/chal-
lenges that can diminish user interest, especially if the putative benefits to users cannot 
be monetized. This was observed in some of the previous apps in which mobility chal-
lenges/tasks such as “walk 3 km, cycle 3 km and tram 3 km” in MatkaHupi or “go for a 
walk during your lunch break” in Tripzoom can sometimes be viewed as repetitive.

Furthermore, integrated apps can potentially provide individual users with opportunities 
for social interaction through their social components, gamification, and the possibility of 
forming a community of users. These can possibly increase the apps’ attractiveness and 
maintaining user engagement over the long-term to reduce their dropout rate. It is impor-
tant to note that most of the social interactions can be done anonymously without physical 
interactions and/or knowing each other in real-life in the proposed framework. Users can 
only choose to “know” each other by their usernames or user identification numbers and 
choose what types of information they want to make public. In addition, all the social inter-
actions are voluntary, and the apps simply provide users with opportunities for such inter-
actions. Users can use all of the app functions and receive most of the tangible and intan-
gible benefits without engaging in social interactions. The tangible and intangible benefits 
provided through the integrated apps will provide learning experiences for users to adjust 
their behavior and form long-term travel decisions towards sustainable modes that lead to 
achieving system-level goals.

It is also important to highlight the safety issues of Pokémon GO and similar safety 
issues that may arise in integrated apps. Apart from app-related distracted driving, two 
other possible safety concerns are also identified in this study, including app-induced driv-
ing (i.e., increases exposure to accidents) and app-related unsafe driving maneuvers. Such 
integrated apps may encourage users to drive more frequently, longer, and to different 
locations for gaining in-app incentives through their interaction with virtual objects. This 
can potentially aggravate traffic congestion as well as make these users more susceptible 
to road accidents as the risk of having accidents increases when the total distance drove 
increases (Boucher and Turcotte 2020). Sometimes these users may even drive to unfamil-
iar areas for such interactions which can also potentially increase the risk of having acci-
dents (Dingus et al. 2016). In addition, the safety mechanisms for the app should not be just 
limited to a speed-based safety mechanism. For example, some participants suggested that 
they frequently used Pokémon GO while driving in states that such behavior was illegal 
at the time of the survey (e.g., California). It is possible that these users may not be aware 
of such laws or regulations. It is also possible that they are aware of these laws or regula-
tions but intentionally hide mobile app usage (e.g., playing Pokémon GO) while driving 
which can potentially increase the risk of having accidents similar to that of cell phone 
usage while driving (Kwon et al. 2014). Hence, additional studies are needed to address the 
aforementioned safety-related issues to foster using integrated apps to influence people’s 
route and mode choices.

This study can be extended in several directions. First, additional studies are needed 
to understand the impacts of Pokémon GO and similar apps (located-based gaming apps 
with AR and social components) on safety aspects of driving, walking, and cycling, and 
physical and mental health. Second, similar studies can be conducted in other countries to 
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explore the potential regional differences in terms of impacts of Pokémon GO and simi-
lar apps on travel behavior. Third, to address the limitations of self-reported data, future 
studies can include tracking mechanisms to collect Pokémon GO and similar apps users’ 
travel decisions which can help to provide a better understanding in terms of the impacts of 
Pokémon GO and similar apps on travel behavior. Fourth, a prototype integrated app can 
be developed and field studies can be conducted to evaluate its effectiveness in influenc-
ing short- and long-term travel decisions using the conceptual framework proposed in this 
study. Fifth, the impacts of integrated apps and the apps’ market penetration on network 
performance in a real-world context can be studied using an integrated app prototype.

Appendix

Some other factors that were considered but not found to be statistically significantly cor-
related with travel decisions of interest.

Familiarity and involvement with Pokémon GO
Number of days played at the time of survey
Player level at the time of survey
Date of starting to play Pokémon GO
Pokémon GO related behavior
Motivations to play Pokémon GO
Sources of information or tips related to Pokémon GO
Smartphone operating system used for Pokémon GO
Frequency of playing Pokémon GO with people they know and strangers
Experience of playing Pokémon GO with people they know and strangers
Sociodemographic and behavioral characteristics
Self-reported location lived in at the time of survey
Average monthly temperature of the city that individual lived in at the time of survey
Educational level
Employment status
Race/ethnicity
Number of vehicles available
Annual household income
Work/school flexibility
Number of household members
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