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1. Introduction

Existing human–automation interaction studies typically focus on specific aspects
in the design of systems under tight experimental control in laboratory settings.
Although this yields robust data useful for improving these specific designs, these
kinds of studies do not capture realistic variation in human–automation behavior.
Outside of the laboratory, the human’s interactions with the AI agent could be af-
fected by changing internal (e.g., stress) or external (e.g., environmental) factors,
which we refer to as the “human context.” In addition to restricted context, typical
human–AI interaction studies tend to fix the roles of the humans and agents given
the specific application under study (e.g., the human supervising an autonomous
vehicle). More flexible research methods that place humans and automation in var-
ious roles offer the potential to produce results that could be generalized to other
applications.

In this report, we detail analyses of an ongoing study that combines two research
platforms, Busy Beeway and StudentLife, to gather data. The former conducts
human–automation studies in a flexible manner by supporting remote configurable
experimental parameters,1 and the latter gathers human context data through wear-
able devices and mobile phones.2 Each participant is prompted to complete daily
motion planning tasks in Busy Beeway for 180 days while StudentLife records
context continuously. Two separate series of experiments are included in this study
that place the participant in supervisory and defending roles. At the time of writing,
58 participants have completed the first study, and 30 have completed the second.
The total daily sessions of Busy Beeway recorded from both studies are 7,546 and
3,653, respectively.

The similarities between the two roles allow us to use the knowledge gained about
the behavior of humans in the supervisory role to help understand their behavior in
the defending role. A direct application of this approach would be through trans-
fer learning, which is the concept of reusing parts of an ML model to improve
the training on a new, unseen task. By showing that a learning model trained with
knowledge from the supervisory role can be more accurate than a model that does
not leverage previous knowledge, we demonstrate the generalizability and utility of
the knowledge gained from such specialized tasks.
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2. Background

Existing research on systems that pair humans with AI agents focuses on impor-
tant factors that affect human behavior and overall performance of the team. These
include studies on improving the legibility of AI behavior so the human can bet-
ter understand its intentions,3,4 how to manage a level of trust appropriate to the
AI’s capabilities,5,6 and how the two can communicate through interfaces that do
not place too large a cognitive load on the human.7 A large amount of this research
is conducted in controlled lab environments to investigate how humans act in su-
pervisory roles with autonomous vehicles, often in realistic simulators that recreate
the driver’s seat physically.6,8–10 While this approach is immersive and yields ro-
bust data for important factors in designing human–AI teams, less is known about
human behavior in everyday life outside the lab or when the human is placed into
different roles. For example, in multiagent systems where a valuable payload must
be escorted by defender units, many existing studies focus on solutions that rely on
automation alone.11–13 The behavior of humans may not be consistent over longer
periods of time as they become accustomed to the system or are influenced by ex-
ternal factors. This work seeks to expand on the existing body of research by con-
ducting research over long periods of time that place human subjects in different
roles as they collaborate with AI to solve obstacle-avoidance tasks.

The difference in experimental designs required for the different human roles and
long study periods make conventional in-lab methods infeasible. Busy Beeway al-
lows this flexibility by adapting experimental tasks in a video game format.1 This
is a process known as “gamification” that has also been applied to make protein-
folding tasks,14 image-labeling tasks,15 and robotic swarm-control tasks16 more fa-
miliar and enjoyable to participants. By targeting mobile devices in particular, this
also allows for each subject to participate in their own environment and submit col-
lected data remotely. This simplifies the logistics of longitudinal studies by using
daily gameplay sessions of Busy Beeway.

To understand the cooperative behavior of humans with their AI partners, we opera-
tionalize human preference as the way in which the human modifies overall system
behavior as compared to what would have happened without human input. This
concept is inspired by previous work on the linearly-solvable Markov decision pro-
cess (LMDP) framework,17,18 which considers control as deviations from so-called
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passive dynamics that would occur without any input. Our approach is aimed at
learning how human preferences change as a function of different AI partners and
different role requirements in the human–AI team.

To show that the knowledge extracted about the players’ preferences can extend
across different roles the human may assume, we perform transfer learning on the
player preferences across the different player roles. Transfer learning is the practice
of using the knowledge gained from learning one task, known as the source, to help
the learning process on a different task, known as the target.19,20 The transfer of
knowledge can be in the form of transferring the data collected to train a model,
transferring the learned weights of a network, or reusing a model entirely to predict
a new task. This has been shown to help improve performance, reduce training
time, and produce robust models. For the purposes of this work, we focus on the
performance benefits of transfer learning as an indicator of the generalizability and
utility of the knowledge gained from the source task.

3. Methods

3.1 Participant Study with Busy Beeway

Busy Beeway is a video game designed for mobile devices that collects data from
human interactions with AI as they cooperate to solve motion planning tasks.1 It can
deploy different experimental conditions directly to individual participants and col-
lect the resulting gameplay and self-report survey data. In this research, participants
and AI agents controlled a payload (represented by the bee character under camera
focus) to reach seven target locations in order while avoiding obstacles moving with
stochastic dynamics. Participants completed three of levels of this task in a session,
with difficulty increased at each level through the addition of obstacles.

The data used in this report is sourced from an ongoing study. The participants
were recruited at the University of Arizona. During the onboarding process, Busy
Beeway was installed on the participant’s phone, a demographic survey was admin-
istered, and the game mechanics were explained with a tutorial. Over the course of
a 180-day study period, participants were prompted to play daily sessions of Busy
Beeway with a different experimental condition each day. Details of the onboarding
process and study protocol can be found in Adamson et al.21
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3.2 Two Series of Experiments

The ongoing study currently involves two series of experiments where the same
obstacle-avoidance task is presented, but with the humans and AI agents in differ-
ent roles. The first series of experiments observed patterns of human intervention
in a shared control system where the AI agent was in control unless the participant
chose to assume control by interacting with the virtual on-screen joystick. Once
they took control, the participant could release control back to the AI by releasing
the joystick. In each daily session, the participant was given one of four different
AI agent configurations which varied in the degree to which they prioritized reach-
ing the goal swiftly or avoiding the obstacles. More details on this study and its
gameplay can be found in Adamson et al.21

The second series of experiments also required human intervention; however, the
human and AI did not share control of one entity. Rather, there were two entities
performing separate roles (a defender and a payload). The defender could repel ob-
stacles by colliding with them while the payload was required to avoid the obstacles
or risk crashing. Each entity was controlled either by the human or AI, but not both.
If the human chose to stop controlling their entity, that entity took no further ac-
tion until control was resumed by the human. In each daily session, the human was
assigned to play as either the payload or the defender, or was given the ability to
choose which entity they would rather control. In this latter experiment, the human
could swap entities at will. When the human was assigned to the defender role or
was allowed to choose, they were assigned to collaborate with either the Evasive AI
or Hasty AI (see Section 3.3). More details on this study can be found in DiGioia
et al.22

3.3 Data Preparation

Two AI agents between both series of experiments are of the same algorithm and
configuration in each. They will serve as a reference to understand changes in par-
ticipant behavior as the roles change. One agent was designed to prioritize collision
avoidance and thus is referred to as the evasive AI in this report. The other AI was
designed to prioritize reaching the goal as quickly as possible and is referred to as
the hasty AI. Because different AI agents had different priorities, the participants
were required to modify their own strategies to maintain a desired balance of speed
and safety.
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Only data from participants who successfully completed their 180-day study period
are considered in this report. In the first series, only sessions where participants
shared control with the hasty and evasive agents are included in the analysis, ignor-
ing the two other agents. For the second series, the instances where the participant
was in the defender role were included. To further compare the actions of the par-
ticipant against the AI agents, control data with the participant in the payload role
is also analyzed.

To prepare the data for the learning tasks, we mapped the categorical features to
one-hot encoding, and we normalized the scale of the numerical features to the
range of [0–1]. The resulting features we used are as follows:

• DayInStudy: Which day in the 180-day study the session was held.

• AI: 3 distinct one-hot encoded features where one indicates the assigned AI
of the session. Options include AI1, AI2, and None.

• Upset: Daily self-report of mood as selected on a 5-point Likert scale.

• Interested: Daily self-report of mood as selected on a 5-point Likert scale.

• Determined: Daily self-report of mood as selected on a 5-point Likert scale.

• Irritable: Daily self-report of mood as selected on a 5-point Likert scale.

• ElapsedDays: The number days of active participation.

• Behavioral Inhibition System: This measures concerns regarding the possible
occurrence of negative events and the sensitivity to such events when they do
occur. Integer value up to 8.

• Behavioral Approach System (BAS)-R: Reward responsiveness, comprising
items that focus on positive responses to the occurrence or anticipation of
reward. Integer value up to 8.

• BAS-F: Fun-seeking, comprising items that reflect both a desire for new re-
wards and a willingness to approach a potentially rewarding event on the spur
of the moment. Integer value up to 8.

• BAS-D: Drive, comprising items that reflect a concern for the possible occur-
rence of negative events and sensitivity in the response to their occurrence.
Integer value up to 8.
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• Gender: Three distinct features where one indicates the selected gender. Op-
tions are Male, Female, and Other.

• Ethnicity: Five distinct features where one indicates the selected ethnicity.
Options are American Native, Asian or Pacific Islander, Black or African
American, White/Caucasian, Other.

• Education: Five distinct one-hot encoded features where one indicates the
selected education level. Options are Below High School, High School or
Equivalent (GED), 2-Year Associates Degree, 4-Year Bachelors Degree, Mas-
ters Degree, Doctorate Degree.

• Occupation: Twenty-four distinct features where one indicates the possible
occupation. Options are Management; Business and Financial Operations;
Computer and Mathematical; Architectural and Engineering; Life, Physical,
and Social Science; Community and Social Service; Legal; Education, Train-
ing, and Library; Arts, Design, Entertainment, Sports and Media; Healthcare
Practitioners; Healthcare Support and Technical; Protective Service; Food
Preparation and Serving; Building, Grounds Cleaning and Maintenance; Per-
sonal Care and Service; Sales and Retail; Office and Administrative Sup-
port; Farming, Fishing and Forestry; Construction and Extraction; Instal-
lation, Maintenance and Repair; Production; Transportation and Materials
Moving; Student; (Not Listed Here); Unemployed.

• GameSelf: Demographic survey on single-player gaming habits, as selected
on a 10-point frequency scale. Options are Never, Once a Month, Several
Times a Month, Once a Week, Several Times a Week, Once a Day, Several
Times a Day, Once an Hour, Several Times an Hour, All The Time.

• GameRoom: Demographic survey on local multiplayer gaming habits, as se-
lected on a 10-point frequency scale. Options are Never, Once a Month, Sev-
eral Times a Month, Once a Week, Several Times a Week, Once a Day, Sev-
eral Times a Day, Once an Hour, Several Times an Hour, All The Time.

• GameOnline: Demographic survey on online multiplayer gaming habits, as
selected on a 10-point frequency scale. Options are Never, Once a Month,
Several Times a Month, Once a Week, Several Times a Week, Once a Day,
Several Times a Day, Once an Hour, Several Times an Hour, All The Time.

Additionally, the data was segmented to allow for testing and training. The segmen-
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tation process happened as follows: first, the data was separated by series, resulting
in a source and target datasets that correspond to the two tasks. Each dataset was
then shuffled independently. Second, we reserved 30% of each dataset as a test
dataset, leaving the remaining 70% to be sampled for training. Third, we created
training datasets by sampling data from the unreserved source and target data from
the previous step based on the source:target ratios, specified in Section 4. Finally,
for the training process, we performed 10-fold cross validation on the desired train-
ing set. This process involved splitting the training data set into 10 subsets, or folds.
Then, one of the folds was held out as a validation set and a model was trained on
the remaining nine folds and assessed on the holdout. This process was repeated for
each of the folds, resulting in 10 models. After training was completed, we tested
the 10 models on the test sets of the source and target tasks that were withheld in
the second step described above. Means and standard deviations of prediction per-
formance from the 10 models on the validation sets, source test data, and target test
data are given in Table 1. Prediction performance is defined as root-mean squared
error.

Table 1. Mean and standard deviation prediction performance (root-mean squared error)
of the 10 trained models on the holdout fold of the k-fold cross validation, the test data of
the source task, and the test data of the target task. Each model is trained on a different
source:target ratio of training data.

Source:target ratio Validation Source test Target test
Mean STD Mean STD Mean STD

0:1 0.010 ± 0.001 0.313 ± 0.001 0.095 ± 0.002
1:0 0.006 ± <0.001 0.076 ± 0.002 0.270 ± 0.008
1:1 0.011 ± <0.001 0.074 ± 0.002 0.118 ± <0.001
1:3 0.010 ± 0.001 0.097 ± 0.010 0.091 ± 0.001

3.4 Data Analysis and Player Preference Transfer

When humans are teamed up with AI agents in uncertain environments (like those
filled with stochastic dynamic obstacles in Busy Beeway), trust becomes an impor-
tant factor. Using Lee and See’s definition of trust as the human’s belief that the
agent will help them achieve their own goals,23 we assume a divergence from the
AI agent’s decision-making as a measure of the human’s preference. For this study,
if a participant does not agree or trust an AI agent, we expect they will attempt to
alter the AI behavior in some way using their own control input. This is directly
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permitted in the first series of experiments, as the participant can take control away
from the AI at any time. In the second, they can only influence the AI with whatever
strategy they use to clear obstacles away from its path.

Strategies in the obstacle-avoidance task can prioritize either reaching the next goal
quickly or avoiding obstacles. To measure which of these strategies are dominant
in participant or AI decisions, the change in distance to the next goal can be taken
among individual actions. If there were no obstacles, the optimal solution would
always choose actions directly moving to the next goal, reducing this distance by
the greatest amount. With obstacles, it is sometimes necessary to move to avoid a
collision, so a smaller decrease or increase in goal distance would indicate avoid-
ance. In this research, actions occur every game frame where the payload is moved
in a direction. Comparing the actions of the payload under full AI control against
the participant in various roles will reveal this difference in preference.

To quantify this difference, a ratio of rank-sum tests comparing the change in goal
distances between two distributions of actions is taken. Given a distribution of ac-
tions taken by AI alone x, and a distribution of actions taken while the AI is teamed
with a participant y, the ratio d = U(x,y)

U(y,x)
is calculated where U is the number of

times a sample in the second distribution comes before (has a lower change in goal
distance) a sample in the first (as calculated by MATLAB’s ranksum function). If
this ratio is less than 1, the actions in y bring the payload further away from the
goal, on average, than AI alone. If greater than 1, then the payload is brought closer
to the next goal, on average, than AI alone.

The regression model of choice is the boosted ensemble trees24 method (as imple-
mented in the fitresnemble() function from the MATLAB statistics and ML pack-
age25), which trains an ensemble of 100 regression trees. This method was chosen
for its accommodation for the types of features in the data and the distribution of
labels. The regression models are trained on the task of estimating the preference
ratio d, based on the player attributes from both demographic and daily mood sur-
veys, and the day of study and assigned AI, as described in Section 3. In addition
to withholding 30% of the data for testing, we also used 10-fold cross-validation
during the training.
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4. Results and Discussion

In addition to the individual decisions made every frame, participant preference
can manifest in a way specific to the two series of experiments. In the first study,
the participant decides when (and if) to intervene and take control from the AI.
Across all gameplay sessions, participants asserted control 10.19% of the time with
the evasive AI and 21.49% with the hasty AI. This is expected, as the hasty AI is
more prone to colliding with obstacles if left alone. In the second study, two of the
five experimental conditions allowed the participant to choose their role between
controlling the payload (as they would in the first series when asserting control) or
the defender agent to prevent obstacles from reaching the AI-controlled payload.
Table 2 lists the ratio of time each participant spent in the defender role when given
the choice. Most participants clearly preferred to be in this role, with 22 of 25 having
ratios above 0.5 when paired with the evasive AI, and 18 when paired with the hasty
AI. Though the roles are different in nature, any alteration in the AI behavior of
both roles that was influenced by the participant’s actions would be reflected in the
frame-by-frame actions.

To evaluate whether or not it is possible to generalize the change in human pref-
erences to different AI agents and roles, data from the two series of experiments
was used in an example transfer learning task. Table 1 shows baseline cases where
data from within each series was used to predict preferences in the second series
(using a training and test set) and cases with varying ratios of data from either se-
ries. Figure 1 illustrates the fitness for each of these ratios. A ratio of 0:1 represents
training only using second series data and 1:0 represents transfer learning with just
the first series data. A 10-fold cross-validation was used to evaluate the accuracy of
the predictions for the second series of experiments. With no data transferred (0:1),
the training yields a model with an average fold-wise error of 0.095. Transferring a
model trained fully on source data (1:0) or an evenly combined data set (1:1) per-
formed worse at the target task, yielding average fold-wise errors of 0.27 and 0.12,
respectively. However, adding some source data to the target data for training (1:3)
allowed models to predict player preference in the target task with an average fold-
wise error of 0.091, lower (with 0.001 deviation) than the model that was trained
purely on target task data. This shows that while a simple approach to transfer learn-
ing may not be feasible, it is possible to form a more general model between these
different tasks by adjusting the ratio of trained data. What this ratio is, and the de-
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gree to which it may depend on the target task configuration or not, remains to be
seen.

Participant Defender control ratio

(Evasive AI) (Hasty AI)

A 0.98 0.88

B 0.97 0.97

C 0.98 0.87

D 0.77 0.31

E 0.96 0.95

F 0.33 0.13

G 0.87 0.55

H 0.09 0.05

I 0.73 0.31

J 0.71 0.70

K 0.93 0.68

L 0.62 0.36

M 0.84 0.79

N 0.80 0.71

O 0.98 0.86

P 0.92 0.95

Q 0.90 0.63

R 0.74 0.51

S 0.82 0.33

T 0.88 0.72

U 0.91 0.66

V 0.83 0.70

W 0.22 0.12

X 0.99 0.74

Y 0.94 0.79

Table 2. The amount of time (given as a ratio) each participant spent in the defender role is
listed and separated by the AI agent that was assigned. These ratios are of the combined total
time spent with each AI throughout the entire study period.
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Figure 1. Performance of each trained model on predicting preference in the target task. Each
model is trained with different ratios of source:target data: the blue points represent samples
from AI 3, the orange points represent samples from AI 4, and the red dotted line represents
a simple line fitted to the data.

5. Conclusions

Generalization of human–AI collaboration across different roles using transfer learn-
ing is possible with the right combination of training data. In this preliminary study,
certain ratios of data among the roles to be used in a boosted ensemble trees learn-
ing method resulted in lower prediction error than with using the target role data
alone, and interestingly, less than combining the data sets in equal measure. How-
ever, it is not clear what an optimal ratio would be, if it is specific to the role or
not, or if it is a cause of the specific learning method used here. Exploring each
of these possibilities to learn which are the cause of this result will help improve
generalization through ML, which would allow more informed decisions on which
kinds of AI to pair with particular humans.
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AI artificial intelligence
BAS Behavioral Approach System
ML machine learning
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