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ABSTRACT
Personalization of user experience has a long history of success
in the HCI community. More recently the community has focused
on adaptive user interfaces, supported by machine learning, that
reduce interaction efforts and improves user experience by collaps-
ing transactions and pre-filtering results. However, generally, these
more recent results have only been demonstrated in the laboratory
environment. In this paper, we share the case of a deployed mobile
transit app that adapts based on users’ previous usage. We examine
the impact of adaptation, both good and bad, and user abandon-
ment rates. We conducted an 18-month assessment where 2,616
participants (with and without vision impairments) were recruited
and participated in an A/B study. Finally, we draw some insights
on some unusual effects that appear over the long term.

CCS CONCEPTS
• Human-centered computing → Empirical studies in inter-
action design.
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1 INTRODUCTION
Many popular mobile applications use personalization to improve
the user experience. For example, shopping applications employ
recommender systems to reduce the amount of searching the user
must do. Likewise, most map apps allow users to create bookmarks
for popular destinations, like home or work, to reduce future inter-
action effort. In this interaction design, the app will rearrange the
order of possible selections based on past knowledge of or explicit
setting of preferences by the user.

As seen in the commercial product space, the research com-
munity has also not deeply explored the value of improving user
experience through adaptive interfaces. The HCI research commu-
nity has performed a lot of research and technical development
towards this area [19], so why are adaptable user interfaces so
rare? One likely cause might be a lack of evidence that adaption
really improves user experience. There is also mixed results in the
literature on the value of adaptation. Some research shows it can
have a negative impact (e.g. Microsoft Smart Menus [7]). Almost
no studies show the impact on long-term use. Typically, a study
simply measures things like short time savings, or lower GOMS
scores (e.g., [27]). Another reason may be that the machine learning
–ML– models that support adaption perform well in the lab, but the
models do not perform well when transferred into the real world.

We wanted to understand if UI adaptation that reduces interac-
tion effort can improve user experience in the long run. In particular,
we were interested in how adaptation could support users with
disabilities who normally have trouble managing large amounts of
data on mobile interfaces (e.g., scrolling through a long list with a
screenreader, etc.). To this end we designed Tiramisu, an adaptive
mobile transit app that shows bus arrival information. It adapts the
information display by predicting and filtering for the bus routes
users are most likely interested in using time of day and location.
We deployed this application to the public and ran an 18-month A/B
study on users of the application (2,616 users) in a medium-sized
city in North America. We gathered and analyzed user navigation
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behavior within the app and bus route filter selection behavior. This
paper makes four contributions to the literature:

(1) We provide empirical evidence from a field deployment on
the impact of adaptation in a mobile application that reduces
user selection and navigation effort.We analyze this evidence
to understand the impact of adaptation on interaction effort
and abandonment rate of the application.

(2) We provide an example of an adaptive mobile interface de-
sign that collects ground truth labels for training ML and
logging transit behaviors. We also discuss the challenges
encountered with this design approach.

(3) We provide an example of a (very) long-term assessment of
an application deployed in the real world, and some unusual
effects that appear over the long term.

(4) We provide additional support for using deployed apps as
effective research testbeds, especially for hard to recruit user
populations like people who are blind or low vision.

This paper is organized as follows: Section 2 details the interac-
tion design, Section 3 describes the A/B study, Section 4 reports the
findings, Section 5 presents the discussion, Section 6 describes the
related work and Section 7 presents the conclusions.

2 INTERACTION DESIGN
Adaptive UI design lends itself to situations where users (i) repeat-
edly perform the same or similar interactions over time, (ii) the
interaction is burdensome, and (iii) sufficient evidence is available
such that the interaction can be learned and accurately predicted
(usually by a ML algorithm). We chose an application where the
three conditions apply.

2.1 Context
Users of a mobile transit information app regularly interact with
the application with the same information seeking task, namely to
discover the best (next) bus for the current trip. This application
seems like a perfect place for an adaptive interface for several
reasons: (i) many people likely want the same information (based
on time-day-location) when using transit because they travel in
repeated patterns while commuting; (ii) without filtering, the UI
can easily have over 100 rows of transit choices in response to a
particular request (particularly in dense metro areas); (iii) for some
urban trips, there are generally multiple possible bus routes to take;
and (iv) the user’s location, date, and time are readily available.
With this evidence, each user can have an individualized ML model.

2.2 Design
Our design goal was to make an adaptive user interface in a mobile
transit information application that reduced the amount of bus route
filter selection, scrolling, reading of screens, and other navigation. In
turn, this reduction makes the application easier to use and thus the
application would theoretically have a lower rate of abandonment
(compared to the non-adaptive case). We started the design process
by identifying opportunities and patterns for UI adaptation. We
determined that the followingwere possible: multiple landing pages,
learning multi-screen transactions, and learning the filters that
users applied to scrolling. We settled on multiple landing pages and
automatic pre-filtering as adaptation features (see Figure 1).

For the landing page, the app was redesigned to skip the nor-
mal landing page (which lists several options for the user) and
automatically select the transit information option, as proposed
by [26]. Then, the system automatically computed the most likely
bus stop(s) of the user through the use of location information,
eliminating the need to draw a map of the local area and the need
for the user to select a stop on the map. For this adaption, no ML
is used, since a heuristic based on the closest stop locations to the
user’s current location was sufficiently accurate to use all the time.

The system automatically pre-filtered transit information shown
to the user on the main listing of buses arriving at a location. This
pre-filtering, if done correctly, would reduce the interaction effort
required to obtain information. To accomplish this, the system
had to predict both the (i) routes and (ii) IN-to-town/OUT-of-town
direction desired by the user. To accurately predict routes and
direction, the system needed context-awareness: the use of the
context-sensitive information of user identity, location, date, and
time. Given context awareness and a history of the prior filtering
choices of the users, a ML model was constructed to predict desired
routes and direction. This model was then executed every time the
user visited the transit information page and its results were used
to pre-filter routes and direction. Based on the pre-filter, the initial
listing of buses was displayed to the user. At the top of the screen,
the system provided a list the filters selected on and off, allowing
the user to quickly correct any mis-predictions by the system (and
obviously providing additional data for the model to learn).

An initial study of ML performance indicated that the best per-
formance was achieved with a personalized model. This fact was
not surprising since any two individuals at a bus stop on a particular
date and time do not have the same information need. However,
personalized models creates a cold-start problem. When a new user
joins the application, no data is available to build a model for the
user. Thus, we adapted a two-phase strategy that triggered adapta-
tion based on the amount of available information. In the first phase
(when no historical data is available) pre-filtering relied mostly on
current time and user’s location (context-awareness), thus miti-
gating the cold-start problem. In the second phase, pre-filtering
relied mainly on a model that learned the user’s transit behaviors
to predict what bus information the user wanted.

2.3 Machine Learning Model
ML was utilized to automatically filter out information on arriv-
ing transit vehicles based on information about the user’s current
context. To this end, we used a Random Forest model [1], a simple
but powerful supervised ML method that combines many weak
learners (decision trees) into strong learners improving prediction
accuracy. If available, our Random Forest model employs the user’s
previous behavior to predict route filters. Otherwise, it makes filter
predictions based on traffic behaviors observed in a group of similar
users. We defined a 30-tree-estimator classifier per user which was
trained on user logs, where selection/deselection of route filters
were used as a means to label correct/incorrect adaptations. That
is, every time the user selected/deselected a route filter (labels), we
logged the time, date, day of the week, location, and any selected
inbound/outbound bus filter (features). We then used these features
and labels to train the ML model so it could predict which routes
and direction the user would select. When users who received a
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Figure 1: App User Interface. a) Plain Interface: neither the user has selected nor the system has predicted any bus route, so
the user has to scroll down to see all the results. The location shown in this �gure has 14 bus schedule rows for 8 routes. b)
Non-Adaptive Interface: user selects bus routes 61A and 61B for the outbound direction (blue boxes) to �lter out the results,
but there is no adaptation. c) Adaptive Interface: Interface adaptation is implemented in the form of prioritized results in our
app. The top section of the results window contains the most frequently routes the user takes given the current context (time
and location) �ltered by either inbound or outbound direction, i.e., bus routes 61A, 61B, and 61D. Filter buttons are colored
di�erently. Orange shows the actions taken by the app, the predicted �lters. Blue shows �lters selected by the user.

prediction did not perform any �lter selection/deselection action,
then we considered the prediction to be correct. When users se-
lected additional �lters, then we captured this as new training data
(retrained every 24 hours). When users deselected predicted �lters,
we considered this a mislabeling error. At least 80 samples (�lter
selections) were needed in order for the Random Forest algorithm
to make a route prediction for a speci�c user.

We used the Random Forest algorithm because it reduces dra-
matically mislabeling errors and over-�tting by means of voting
and averaging the results. Also, Random Forest is very well-known
for outperforming other algorithms (ANN, SVM, Boosted Trees) in
terms of accuracy, AUC-ROC curve, and increasing dimensional-
ity [ 4]. Though the feature vector of our classi�er is rather small
at this moment, we anticipate that we will need to increase the
number of dimensions once we incorporate additional features in
the app and model. Thus, Random Forest is an excellent candidate
to scale e�ciently to those high dimensions.

2.4 Implementation
In order to reach a broader audience for Tiramisu app, we decided
to make it available on both Android and iOS platforms1. To this
end, we usedIonic, a development framework that allows for build-
ing cross-platform apps. For the back-end, we set up instances of

1http://www.tiramisutransit.com/

Amazon Web Services (AWS) that performed diverse tasks: running
the ML model, logging/storing all the user interaction, and sending
requests toOneBusAway, a public API that gets real-time transit
information on scheduled and predicted bus arrival times.

3 A/B STUDY DESIGN
We used an A/B study to assess the long-term impact of the adapta-
tion and compared participants in two conditions.

3.1 Participants
We ran our study on participants from a medium-sized city in North
America. Participants downloaded our app voluntarily and were
randomly assigned to one of the two following conditions:

Adaptive Condition (AC):The UI in this condition adapted to
participant needs by �ltering the display of the bus routes and
trip direction (inbound/outbound). ML training was a continuous
process based on user �lter selections over time).

Non-Adaptive Condition (NAC):Participants in this condition
received the same app, but the system made no attempt to automat-
ically �lter bus routes or trip direction.

3.2 Data Collection
Our app was heavily instrumented to record user interactions. Log-
ging included details about context-sensitive information like when
and where the app was used, what information users requested



MobileHCI '20, October 5�8, 2020, Oldenburg, Germany Author 1, et al.

and selected, and which features they utilized within the app. We
also logged whether the screen reader was turned on, which is a
likely indicator that the user was blind or low vision. We logged
user interactions during an 18-month window from 01 July 2018
to 31 December 2019. The dataset was pre-processed to remove
incomplete, inaccurate, or corrupted items (described below).

3.3 Hypotheses
We propose several hypotheses drawn from both the literature
aforementioned review and empirical data:

Hypotheses about E�ort:
H1: Participants in AC will select fewer �lters and make fewer

navigation actions (scroll less) than participants in the NAC. This
is because the adaptive interface should e�ectively predict and
execute user selection actions, thus reducing the e�ort in terms of
the number of selections a user needs to make.

H1.1: When taking into account the performance of the ML
model, participants in the AC will select fewer �lters and make
fewer navigation actions, even when the model generates incorrect
route predictions.

H1.2: Participants who use the screen reader (likely blind or low
vision) in the AC will select fewer �lters and make fewer navigation
actions than sighted participants in the NAC. This is because the
adaptive interface should reduce friction and e�ort.
Hypotheses about Abandonment:

H2: Participants in the NAC will abandon the app at a higher
rate than participants in the AC because the adaptive interface will
reduce the e�ort to use it over time making it be more pleasurable
to use than a non-adaptive app.

To test H1, we �ltered out participants who never used a single
�lter across all their sessions. To test H2, we discarded participants
who left the app open for several weeks and did not interact with
the app; we could not determine whether they abandoned the app.

3.4 Method
We utilized a randomized A/B testing protocol. This approach,
widely used in industry, randomly assigns di�erent user experi-
ences to groups of users for comparative analyses. We used this
method to compare pre-�ltering (AC) with no �ltering (NAC) con-
ditions. We did not follow up our A/B with targeted interviews
for several reasons: (i) the system was deployed in the real world,
not in a lab, so we did not have �ne-grained control of when and
how participants used the app; (ii) since we were manipulating
privacy-sensitive information (location history, transit behaviors,
etc.), we decided to keep users anonymous and did not collect per-
sonal information; and (iii) gathering the user's common behaviors
through a series of Internet forms was rejected as too burdensome.

3.5 Metrics
We were interested in measuring e�ort reduction and abandonment
rate using a set of speci�c metrics. Further analysis was conducted
using these measures, computed per session and then averaged for
each user. We de�ned a session as a set of aggregated logs produced
by a single user within a certain period of time which meets the
following conditions: (i) the app starts after being closed or (ii) the
app is resumed and since the app was paused either: (a) 60 minutes

have passed or (b) the user has moved more than 850 meters. Next,
we describe the metrics that we used:

Filter Selection:calculated as the number of �lters (including bus
route and inbound/outbound bus direction) per session that were
selected/deselected by the user.

Navigation:computed as the number of both scrolling and click
actions per session.

Days in the Study:measured as the di�erence between times-
tamps of the last and �rst session per user. This metric was used in
our abandonment (survival) analysis.

Timestep:calculated as a consecutive time interval of 24 hours
where all session values are aggregated and averaged. By �consec-
utive� we mean that there are no gaps between timesteps since
we are doing a relative (rather than absolute) date analysis. For
instance, if the user interacted with the app during three sessions
(at di�erent times of the day) on 10/12/2019 and then two sessions
on 10/17/2019, then timestept¹nº would serve as a time window to
average all the values (e.g., number of selected �lters) for the three
sessions that occurred on 10/12/2019, and timestept¹n+1º would
average all the values for the two sessions that occurred the next
available date (10/17/2019), and so forth.

System performance:computed as the absolute mean percentage
error (MAPE) of the ML model at every timestep. System perfor-
mance was labeled as �Good� if the error in timestept¹nº < t¹n� 1º,
and otherwise labeled as �Bad�. We decided to compare timestepsn
andn � 1 instead of using a percentage error threshold because we
wanted to accurately account for even the most minimal changes
to system performance since regression curves tend to cross at
multiple points as we will see later on section 4.1.

4 FINDINGS
After cleaning the data, there were a total of 2,616 participants
that installed and used our app, with a balanced group split of
49:8%(1,302) participants in the non-adaptive condition (NAC) and
50:2%(1,314) participants in the adaptive condition (AC). In total
we logged 130,939 user sessions, though participants in the AC
reported more sessions (total=68,129, M=51.37, SD=198.24) than
participants in the NAC (total=62,732, M=47.74, SD=164.47). Ad-
ditionally, from the total number of participants, we identi�ed a
small, but representative sample of people who used the screen
reader in each condition (AC=41, NAC=150) who reported a total of
2,667 sessions in the AC (M=65.23, SD=108.31) and 9,453 sessions
in the NAC (M=61.42, SD=89.47). A power analysis con�rmed that
the sample size for both groups of people who are likely blind were
suitable to detect the e�ect of the hypothesis test at the desired
level of signi�cance (� = :05º.

4.1 On E�ort Reduction
In order to conduct the statistical analysis for testing the hypotheses
related to e�ort reduction (in terms of lowering �lter selection and
navigation over time), we split our data set into multiple subsets
of data following certain criteria. For H1 we separated the data
into 2 subsets based on the adaptive/non-adaptive condition (AC
and NAC); For H1.1 we divided the AC group into 2 subsets based
on the ML model's performance (good or bad) and included the
NAC subset without modi�cations; And for H1.2 we split both AC
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