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1. Introduction

Existing human-automation motion planning studies in small, controlled laboratory
environments yield valuable knowledge1–3; however, to the best of our knowledge,
larger studies that run over long periods of time are absent from the literature. As
a companion to the high-fidelity research data obtained in conventional laboratory
studies, this “in the wild” approach would improve human-automation systems in
ways previously unreachable. Through the use of technology widely ubiquitous to
the average consumer, such as smart phones and wearable computers, participation
in such long-term, mobile studies becomes feasible. There have already been efforts
to adapt human-automation study environments into a mobile game4 and to develop
a passive continuous data collection platform employing consumer-grade wearable
sensors.5 Systems like these provide the necessary building blocks with which to
design and deploy large-scale, human-automation studies.

This technical report presents preliminary results in an ongoing large-sample, lon-
gitudinal study where human participants play a dynamic obstacle avoidance game
while swapping control with an autonomous agent. Participants sign up and install
“Busy Beeway,” the mobile game component of the experimental setup, and wear
Garmin sensors connected to the “StudentLife” application to provide additional
data that reflects the context around the lives of each player. The evaluation pre-
sented here is primarily focused on the result of assigning differently configured AI
partners on game play performance, to discover any emergent patterns of behavior,
and to determine if the biological context of the player can impact their game play.
We find a wide variety of game play patterns that are dependant on the particu-
lar player, the assigned AI, and sometimes even a change in a player’s biological
context. This suggests a need to find methods in future work that can predict what
AI configuration produces the most desired results based on the combination of all
these factors per individual.

2. Background

Shared control systems allow humans and automation to combine their strengths
while covering each others’ weaknesses6; however, it is necessary to validate these
systems with human subject studies. Existing laboratory studies can provide insight
into the effect of trust in human behavior with automation,2,7 ways of non-verbal
communication between the human and agent,3,8–10 and how the human operator
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can react to degradation or failure of automation.1,11,12 While these small laboratory
environments allow for precise control over experimental variables, there exists a
large domain of knowledge that cannot be reached under these conditions, partic-
ularly how behavior can change over time with repeated exposure to the system or
from external factors in participants’ lives.

Attempting to perform laboratory studies on massive numbers of participants or
with many repeated measurements over time is infeasible. With video games now
a part of our culture,13 they can provide a creative solution to this problem where
human-automation studies could be adapted into video games, also known as “gam-
ification.” Previous work has explored the potential of supplementing conventional
laboratory studies with games based on human-automation collaboration tasks, us-
ing dynamic obstacle avoidance as an example.4 Gamification introduces its own
set of problems, however, as the system must provide rewards that are either intrin-
sic or extrinsic and encourage continued participation.14 Existing video games that
already provide entertainment for humans while also involving human-AI teams
would be excellent environments for future studies.15 This work uses an obstacle-
avoidance mobile game specifically designed for long-term daily participation with
experimental parameters that can be updated live as needed.

Collecting data from participants “in the wild” as they go about their daily lives sac-
rifices the tight experimental control of the typical laboratory study. This potential
increase in unknown effects on participants can be a benefit to the extent that enough
data are collected and the correct covariates are also captured. To this end, a mobile
device in tandem with a wearable sensor can provide basic biometrics along with
the administration of self-report surveys.5 Our work augments Busy Beeway4 with
data provided from StudentLife5 with additional self-reporting surveys to measure
attention and participation compliance.
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3. Methods

3.1 Study Protocol

We sourced the data for this preliminary work from an ongoing human subjects
study involving Busy Beeway and StudentLife. So far, 58 participants were re-
cruited from a convenience sample of students and graduate students at the Uni-
versity of Arizona. After an initial screening, participants were invited to the lab for
an onboarding session during which the components of the data collection system
were explained and loaded onto their phones. Participants also completed a battery
of self-report items (not analyzed here) and a brief training built into Busy Beeway
that was designed to ensure an understanding of the game. Other than specific trou-
bleshooting required for some participants, this was the only in-person interaction
participants had with members of the study team.

Participants were prompted to provide data once per day for 180 days. The prompt
occurred at either 7 AM, 12 PM, or 5 PM local time, and participants had 3 h to
open the game application. Participants were not able to play the game outside of
these time windows. At the start of a daily session, the participant first answered
several self-report questions designed to assess “state variables,” such as affect and
sleep. Participants then played three levels of Busy Beeway, each with progressing
difficulty. At the end of three levels, participants could upload their data. Daily
sessions were designed to take no more than 5 min on average.

We designed a monetary incentive scheme to motivate participants to provide data
throughout the long time scale of our data collection. Compensation was tied to
daily uploads, specifically, participants were paid a base rate of 0.25 USD for the
first 30 uploads with a 0.25 USD increase every 30 uploads (i.e., 0.25 USD for
uploads 1–30, 0.50 USD for uploads 31–60, 0.75 USD for uploads 61–90). Fur-
thermore, we provided participants with a 3.00 USD bonus if they uploaded data
for 3 days in a row. All compensation was provided through peer-to-peer payment
applications (e.g., Venmo). Compensation was administered as soon as possible by
the study team, typically within several days of uploading data.

To motivate participants to engage with the game throughout a session, we also
designed a bonus that was meant to reward attention. One of six in-game items were
randomly placed near the second or third sub-goal in each level. Upon completion
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of all levels, participants were quizzed on which items they had seen. This bonus
quiz indirectly motivates a degree of performance, as well, in that a certain level
of success is required to get to the point in the level where every bonus item was
visible.

3.2 Busy Beeway

Busy Beeway is a mobile research video game designed for the study of human-
automation collaboration for motion planning.4 The game involves navigation and
collision-avoidance in the face of stochastic, moving obstacles. The version used
in this study allows for remote collection of game play data and survey responses,
and experimental parameters can be changed and delivered to active participants
through the app as needed. Participants for this study were given instructions dur-
ing an onboarding process along with the link to download and install the app via
Google Play as a closed beta.

In Busy Beeway, the participant navigates a bee avatar (1 in Fig. 1) from flower to
flower (2) and then to a portal (3) to complete the level. (We refer to the flowers
as sub-goals and the portal as the final goal.) The participant is told to complete
the task as quickly as possible and they are shown a timer (4) throughout game
play. In addition to speed, the participant must also focus on safety, since there are
stochastically moving obstacles (5), represented as wasps. Upon collision between
the avatar and a wasp, the participant loses a “life” (7) and must start the level again.
Each level can be attempted four times. The participant controls the avatar through
a touch-screen-based joystick (6), and upon removal of their finger, the avatar is
controlled by an autonomous driving assistant. An arrow (8) near the avatar points
in the direction of the nearest goal at all times.

3.3 Data Collection

Our data collection follows a highly repeated within-subjects design. The primary
manipulation of interest are the AI “personalities” that were assigned on each day.
We implemented AI “personalities” as four parameterizations of artificial potential
fields (APFs),16 designed to vary across their ability to complete a level safely ver-
sus quickly. Each personality is color-coded in the game (the orange outline of the
avatar in Fig. 1) and participants are told upon recruitment that the different colors
correspond to different AIs. The parameters for each of these AI agents are shown
in Table 1.
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Fig. 1 Game play interface of Busy Beeway. (1) Bee avatar, (2) sub-goals represented as flowers,
(3) final goal represented as a portal, (4) current play time, (5) dynamic obstacles represented
as wasps, (6) on screen joystick, (7) current state of control and the number of re-tries or
“lives,” (8) arrow pointing to the nearest goal.

Table 1 Gaussian APF parameters assigned to each of the four AI configurations used in this
study. “Sigma” is the standard deviation using in-game distance units and the “Repulsion” is
the factor that prioritizes evading obstacles over traveling toward the goal.

AI Color Sigma Repulsion
1 Orange 0.55 72%
2 Light blue 0.62 98%
3 Dark blue 1.40 98%
4 Purple 1.00 75%

The game application records all raw screen input and all information about the
game objects (position, heading, etc.). Data are recorded at 30 Hz, which matches
the per-second frame rate the game maintains. In addition to game play, participants
are also given a self-report questionnaire daily. An example of how these items were
implemented is given in Fig. 2 and the questions are listed in Fig. 3. This survey
asks for the time the participant went to sleep and woke up, the quality of their
sleep, and the degree to which they feel certain emotions on a Likert scale.
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(a) Analog Scale (b) Likert Scale

(c) Time

Fig. 2 Examples of the different types of questionnaire prompts in Busy Beeway. Analog scale
questions are from 0.0 to 1.0, five-point scale (Likert) questions are multiple choice, and time
questions ask for a specific hour and minute of day.

1. About what time did you go to sleep?

2. About what time did you wake up?

3. How would you rate your sleep quality?

4. How was your mood when you woke up?

5. How alert did you feel when you woke up?

6. How upset do you feel?

7. How interested do you feel?

8. How determined do you feel?

9. How irritable do you feel?

Fig. 3 The daily survey given to participants. Items 1 and 2 required a time input, items 3
through 5 presented an analog slider response, and items 6 through 9 were on a five-point
Likert scale.

6



In addition to the data collected through the game application, participants were
also measured using a wearable sensor (Garmin vivoactive 4) and a suite of pas-
sive sensing software uploaded to their devices. The sensing software is known as
StudentLife5,17 and is used to collect data via a mobile phone’s onboard sensors
(e.g., GPS, microphone). In this study, StudentLife was modified to also coordi-
nate the collection of data from the Garmin, which includes a variety of sensors:
an accelerometer, a barometric altimeter, a compass, GPS, a gyroscope, a heart-
rate monitor, and a pulse oximeter. Here, we focus only on step counts taken from
the Garmin and its estimate of raw heart rate. Please see our previous report18 for
additional details on the data we collect.

3.4 Data Analysis

Using data collected from subjects under the protocol in Section 3.3, we are able to
analyze subject interaction with the AIs under several conditions. In this section, we
introduce the metrics used for this analysis including those that reflect performance
(e.g., collisions, speed) and those that characterize interaction (e.g., quantity and
direction of interaction). The data provides both analysis of a subject’s behavior
along with a potential data source to be used as features for prediction of a subject’s
performance with a given AI.

3.4.1 Data Processing

The data collected in this study have varying units from step counts to heart rates
in beats per minute (BPM). The data were standardized to range from 0.0 to 1.0
through normalization. Some data sources contain missing sections that occur if
the participant fails to adhere to the study protocol (forgetting to put the wearable
sensor on, etc.) or a malfunction in their mobile device occurs.

The daily data includes the ratio of manual control versus automated control, moods
and sleep durations recorded via self-report (see Fig. 3), heart rate data in BPM, the
count of steps taken, measured sleep duration from the Garmin device, and move-
ments via GPS. The data from the control ratios and daily moods can be noisy
and a locally weighted smoothing technique (LOESS) is used, specifically MAT-
LAB’s rloess method. A window width, w, must be defined. Unlike the rest of the
data, the control ratios are already within range and do not get normalized. For
heart rate data, the minimum, average, and maximum BPM are calculated for each
day along with two Hurst exponents, α1 α2, extracted from detrended fluctuation
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analysis (DFA).19 The ranges are normalized separately from the exponents. To de-
termine the amount of sleep each participant had each day, the duration of sleep is
recorded both from the wearable Garmin device and from the daily survey (Fig. 3).
The data from the Garmin is used if available, if not, the value self-reported by the
participant is used. Due to the confusion of selecting the correct value for AM or
PM in the survey, strange outliers in self-reported data may exist; therefore, neg-
ative sleep durations or extreme sleep durations (above 16 h) were excluded. To
create a one-dimensional measure based on the participant’s location as tracked by
GPS, the geometric center of all the data collected is calculated and the distance
from this center is used.

The metric of performance used in this study is the relative collision rate of the
human-AI system against the expected collision rate of the AI acting alone. The
values for the AI-only collision rates are shown in Table 2. The relative collision
rates for a particular AI is subtracted from the mean collision rate, resulting in
positive values indicating worsening collision rates when compared to AI alone with
negative values indicating a reduction in collision rates. This data is then smoothed
with LOESS using the same window value, w.

3.4.2 Observations

To create the set of observations, the collected data throughout each participant’s
study period is paired with the collision rate data and discretized into multiple ob-
servations that fit within a sliding window. The length of this window, w, matches
the length used to smooth the data. In each window, linear regression is performed
on the data from the past w days and the slope of the trend is recorded in xn for all
n = 16 sources of data. The average value for collision rates within the window is
used for yj for all j = 4 AI configurations. This forms a single observation. The
window is adjusted 1 day at a time until the entire study period is covered with
overlapping windows, resulting in 180−w observations for a 180-day study period
per person.
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Table 2 Statistics on the performance of each AI agent alone per session in terms of collisions
occurred and time for successful attempts. Levels were collected by simulating AI agents alone
for 120 sessions (30 per each agent). The standard deviations are listed next to each value.
Later levels contain more obstacles.

AI Collisions Completion Time (s)
Overall Level 1 Level 2 Level 3

1 6.77 ± 2.38 20.2 ± 0.60 20.5 ± 0.35 20.1 ± 0.70
2 1.83 ± 1.46 21.6 ± 1.16 23.3 ± 1.26 24.7 ± 2.04
3 1.97 ± 1.59 26.0 ± 2.73 33.1 ± 3.92 38.3 ± 5.71
4 9.84 ± 2.02 19.8 ± 0.72 20.1 ± 0.30 19.7 ± 0.32

4. Results and Discussion

To understand evolving player behavior over time and to find feasible methods for
making human-AI pairing decisions, the game play and biological context data
gathered thus far are examined. First, a single player is used as an example for
performing behavioral data analysis. Then, data from the 21 players who have com-
pleted the study are used to predict changes in collision rates for human-AI pairs.

4.1 Analyzing Player Behavior

Player 12’s changing game play behavior over time readily demonstrates the im-
portance of long-term studies. The basic characteristics of player behavior can be
recorded through their decision to allow the AI agent to continue or to intervene and
assert manual control. In Fig. 4a their ratio of asserted control with each AI agent is
illustrated over the study period. While player 12 maintains occasionally high inter-
vention ratios for AIs 1 and 4, it is around the 60-day mark where a dramatic shift
in asserted control with AI 3 occurs. They fluctuated between 3.7% to 20.5% each
session before this point, and between 9.1% to 49.2% afterwards. This action is not
beneficial to the AI agent as the collision rate of the resulting human-automation
system exceeds what would be expected from AI 3 alone by one standard devia-
tion as seen in Fig. 5. Player 12 maintains this behavior despite experiencing 118
collisions after this change when AI 3 would be expected to only encounter 45 in
the same time frame. This motivates two questions: why did Player 12 change their
strategy around the 60-day mark and why did they choose to assert more control
over AI 3?
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Fig. 4 Ratio of manual control asserted by player 12 over the course of the 180-day study period
(a) along with average heading towards the next goal at the end of player 12’s input events (b).
Each dot represents a single daily session. A heading is calculated as the dot product between
the player’s normal movement direction and a normal pointing toward the next goal. A value
of 1 means to head directly towards the goal and –1 means to head directly away.
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Fig. 5 Collisions experienced each session group by AI. The dots represent the raw data, the
trends are generated with a 14-day LOESS smoothing window, and the shaded rectangles
indicate the amount of collisions expected from each AI alone. The dotted rectangular region
indicates one standard deviation in either direction.

We hypothesize that player 12 began to prioritize level completion over obstacle
avoidance for two reasons. First, AI 3 takes the most time among the other config-
urations to avoid obstacles. Second, the headings the player directs the controlled
avatar to are biased towards the next goal. Fig. 4b displays the average heading at
the end of every input event per session over the course of the study. A normal is
calculated for the direction the player avatar moves in and its dot product is taken
against a normal pointing toward the next goal. Around the 60-day mark, we see
headings at the end of interventions pointing the avatar more often toward the next
goal for AI 3 (in blue). The average heading does not drop below −0.02 and indi-
cates such a prioritization for level completion.

External factors in the daily life of players could have an influence on their behavior
and the continuous sensor data gathered from StudentLife should be considered. For
player 12, the heart rate and step counter data collected from the Garmin wearable
are shown in Fig. 6. Past the 60-day mark, this participant attained daily maximum
heart rates more often than in days before, but the step counter only indicates two
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major periods of higher physical movement. Before the 60-day mark, the heart rate
only exceeded 150 BPM on 3 days, and on 29 days after. This difference is highly
disproportionate even considering the latter time frame taking up two thirds of the
period. The amount of walking detected also reaches a maximum step count toward
day 66, but returns back to a usual level–only momentarily rising on day 124.

Some event or change in the player’s life might explain what is seen here. This
highlights the importance of biological context as it could potentially have had an
impact on their game play in addition to any learning and development of strategies
from within the game; however, the nature of the effect and its strength must be
explored in future study. Healthy people can have a higher heart rate during psy-
chological stress,20 and there can be a link between psychological elements (stress
and emotions) and physiological activity (heart rate, heart rate variability, etc.)21

Heart rate brought on by factors other than physical activity (non-metabolic heart
rate) is an excellent indicator of one’s emotional state.22 As there was no increase
in physical activity as indicated by step count, player 12’s heart rate increase may
be due to psychological reasons.

4.2 Predicting Human-AI Performance

Our goal is to develop a system that suggests human-AI pairings such that team
performance is improved. We formulate this problem as one of supervised learning.
In this report, we evaluate the accuracy of collision rate predictions for human-AI
pairs based on the past 14 days of observations against the ground truth. To perform
this, every observation taken from a player starting at day 14 (the number of days
that must pass to begin recording observations), a nearest neighbor search using
a root-mean-square deviation (RMSD) distance metric calculated on the trends, x,
in the training set to find all observations within a radius, r. Because there may
be missing periods of data (participation absence, device malfunction, etc.) not all
166 overlapping window observations may exist for some players. Different radii
are used for different players, the ones selected for this study are listed in Table 3.
To find these, first the radius is set to 0.02 and decremented by 0.001 until RMSD
queries for that player fail (returning no results); the smallest successful radius is
then chosen. The average values among observations returned by the query are used
as the prediction of relative performance.
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Fig. 6 Heart rate data collected from player 12 over the study period (a). DFA is shown above
and average heart rate with ranges are shown on the bottom. The steps taken each day for this
participant is shown in (b).

Table 3 Recorded data and collision rate performance observation pair counts, query radii,
example prediction accuracy, and total amount of asserted manual control for each player to
date in this study. Players will have fewer than 166 observations when data is missing (peri-
ods of participation absence, etc.). RMSD query radii are empirically chosen to be just large
enough for queries to be possible (at least one result returned). Accuracy is measured in the
number of days in which the recommended AI in terms of relative collision performance re-
flects the actual performance for that player vs. total observed days.

Player Observations Radius Accuracy Manual control
9 160 0.010 30.6% 2.94%

11 166 0.010 78.3% 10.40%
12 166 0.008 89.2% 15.31%
13 166 0.011 63.3% 1.58%
15 136 0.008 27.2% 10.71%
16 165 0.010 98.8% 14.31%
17 159 0.010 28.9% 3.09%
18 166 0.014 21.1% 2.64%
19 166 0.009 16.9% 5.09%
20 166 0.012 63.3% 9.56%
21 162 0.012 13.6% 6.67%
22 163 0.009 62.6% 8.80%
23 120 0.010 17.5% 1.16%
24 164 0.008 88.4% 30.19%
25 129 0.013 75.2% 35.31%
26 166 0.009 98.8% 11.07%
30 166 0.011 88.0% 40.20%
31 166 0.013 100.0% 44.05%
33 166 0.007 44.0% 7.37%
34 166 0.008 90.4% 3.33%
35 166 0.013 81.3% 21.43%

Fig. 7a illustrates an example of this test on player 12. If selecting for the AI config-
uration to partner with this player, the AI predicted to have the lowest (preferably
negative) relative collision rate would be selected. The accuracy of this prediction
can be measured by the number of days where the predicted lowest collision rate
and the observed lowest collision rate suggest the same AI configuration versus to-
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tal observation days. If using player 12 as an example, the prediction agrees with
the observation 89.2% of the time. Most of the time, the prediction returns the same
ordering of relative human-AI performances reflecting the common outcomes; AIs
2 and 3 are difficult to improve upon and AIs 1 and 4 are easier. As a more ex-
treme example, it is difficult to predict the collision rates for player 21 as they never
achieved significant positive or negative impacts (see Fig. 7c). Player 31 on the other
hand achieved collision rates that match the average achieved by all players almost
entirely consistently. At some point after the 154-day mark, the observed collision
rates for AIs 1 and 2 switch places for player 31 (see Fig. 7b); however, the pre-
diction is accurate as AI 4 still had the most improvement. Indeed, it is usually a
matter of deciding between AI 1 or 4 for predictions in collision rate improvement
when paired with players.

This prediction method not only relies on the continuous data provided by the mo-
bile device and wearable sensor, but the game play behavior of the player over the
past 14-day window. The player chooses when to take control from the AI and if a
player does not provide much manual input, the collision performance will resem-
ble the AI playing alone more closely. This causes the relative collision rates to tend
toward zero, resembling the AI playing alone. Player 21 is a notable example with
only having controlled the avatar 6.67% of the time. The relationship between pre-
diction accuracy and total manual control is shown in Fig. 8. For lower amounts of
manual control, the prediction task becomes difficult and results in variable degrees
of accuracy. However, for larger amounts of control (about 15% or more), accuracy
tends to be high. Thus, a minimum amount of engagement with the human-AI game
is necessary if the continuous sensing context data is to be useful, otherwise it ends
up being more closely related to the AI itself, which produces inconsistent results.

13
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Fig. 7 Comparison of actual relative collision rates in a 14-day average window (dotted lines)
with predicted average collision rates (solid lines) over the course of several players’ study
periods grouped by AI. Collision rates are relative to those each AI would experience alone.
Player 12 (a) has a prediction accuracy of 89.2%. Player 31 (b) represents the most accurately
predicted player (100%), while player 21 is the least (13.6%) (c).
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Fig. 8 The prediction accuracy of each player in this study to date vs. their total amount of
manual control asserted throughout the study period. While an accurate prediction does not
necessarily indicate high amounts of player control, those that have at least 15% (dotted line)
tend to be easier to predict.
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5. Conclusions

This ongoing large, longitudinal study has demonstrated that participant interac-
tions with AI agents can change over time. In the example shown, we demonstrated
that one participant increased interactions with a risk-adverse AI after almost 2
months within the study through interventions that steered the agent more directly
toward goals. Additionally, the recorded biometrics demonstrated increased heart
rate readings during the time period when participant behavior changed with no
indication of increased physical activity. This, along with self-reported daily re-
sponses, suggests that the individual’s psychological stress may have triggered the
change in behavior toward the AI. This case study suggests a direction for future
analyses of our entire sample, once collected.

Using aggregated data across all participants, we also demonstrated that predic-
tion of participant performance with the AI agent, as given through a measure of
expected amount of collision, can be done. A proof of concept using a nearest-
neighbor approach demonstrates high prediction accuracy when a participant pro-
vides sufficient examples for interaction.
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List of Symbols, Abbreviations, and Acronyms

AI artificial intelligence
APF artificial potential field
app application
BPM beats per minute
DFA detrended fluctuation analysis
GPS global positioning system
LOESS locally weighted smoothing
RMSD root-mean-square deviation
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