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1. Introduction

Human–automation interaction studies in traditional laboratory settings provide ro-
bust data on specific phenomena through tight control of the environment and ma-
nipulation of experimental parameters. However, human behavior around automa-
tion in daily life introduces factors that cannot be captured in conventional single-
session studies. Human behavior outside the lab can change over long periods of
time, possibly in response to changes in the environment, ambulatory psychophys-
iology, and other measures of the human context. By combining ubiquitous mobile
devices and wearable technology widely available to the consumer public, studies
conducted in this new “in the wild” approach are able to compare long-term be-
havior while continuously recording human factors. This provides context to the
observed behavior as participants are able to more freely interact with the game and
influence—or be influenced—by their environment. An ongoing study combining
“Busy Beeway,” a platform for studying human–automation interaction1 and “Stu-
dentLife” for recording human context2 has had 45 participants complete the study
thus far. A total of 5915 daily sessions were recorded—over 16 years worth of data.

One of the primary motivations for developing our mobile data collection system
is to produce knowledge that can be generalized to more traditional laboratory
settings—that is, finding a way to shore up the limitations of traditional data collec-
tion through the strengths of our approach. To make generalization more likely, in
this work, we operationalize human–automation collaboration behavior in terms of
a model of probability discounting,3 the parameters of which represent psycholog-
ical processes that should be general to human decision-making. Specifically, we
learn two parameters, h and β, which we collectively refer to as a reward function,
that reflect the ways in which uncertainty influences human–automation collabora-
tion.

This technical report presents an initial survey of variability in reward functions
over long periods of time (e.g., months) and an investigation into how much of
the variability is explained by contextual features. These results represent, to our
knowledge, the first assessment of human–automation collaboration of its kind, and
suggest future directions for the long-term, out-of-lab approach to studying this
important topic.
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2. Background

Existing studies seek to validate specific human–automation system designs for
vehicle automation in specialized lab environments. Most of these use realistic sim-
ulators complete with a physical driver seat and steering wheel.4–7 These studies
validate systems that maintain appropriate levels of trust,4,8 methods of non-verbal
communication,5 indirect shared control systems,6 and systems that handle events
where the human must take control.7,9 Some studies use a closed course with test
vehicles, thus moving beyond simulators,8 while others forgo the use of autonomy,
having human experimenters pose as automation,10 for example. These highly con-
trolled lab environments provide detailed data into their respective topics. In con-
trast, our approach examines changes in human behavior or performance around
autonomous agents arising from external factors in their lives. For that, studies on
each participant must extend beyond single sessions to capture this evolving behav-
ior.

Conducting studies with many participants over long periods of time is infeasi-
ble for conventional approaches. Methods such as crowdsourcing can address this
by allowing participants to complete the study using their own computers or mo-
bile devices. For human–automation-related studies, this has been done to study
the legibility of autonomous movement,11 and for a collaborative motion planning
Mars landing task.12 Adapting the study into a video game format, known as “gam-
ification,” can make the study more accessible and provide intrinsic motivation to
help keep participants involved.13 Gamification has seen success in protein folding
prediction,14 image labeling for machine learning,15 and in robotic swarm control.16

Busy Beeway gamifies human–automation collaboration,1 and this work adapts it
for longitudinal studies by collecting multiple daily sessions from each participant.

Studies that employ daily sessions capture only behavioral trends from participants.
However, methods that combine smartphones and consumer-grade wearable de-
vices capture human context data (stress, heart rate, physical activity, sleep du-
ration, etc.)17 The StudentLife18 application framework integrates mobile sensing
with Garmin smart watches to collect such features. To do so, data streams from
the Garmin are streamed directly to the phone and later downloaded for analysis,
resulting in high-quality data that would be unavailable through Garmin alone. In
previous studies, StudentLife has been used to examine behaviors of first-generation
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students,19 job performance,20,21 life events,22 and student’s life during the COVID-
19 pandemic.23 For example,20 data collected by StudentLife shows that duration of
high stress and average heart rate at the desk changes during job promotions. In our
work, we demonstrate how data from StudentLife and Busy Beeway are combined
to form a more complete understanding of how and why human interactions with
automation change over time.

As mentioned, we draw on the concept of probability discounting to produce a
reward function that reflects the behavior of participants. Probability discounting
describes the way in which the objective value of an outcome is discounted by the
probability of receiving it. When measured in humans, a questionnaire form is of-
ten used that repeatedly asks participants to choose between two options, one of
which is objectively worth more than the other but associated with some degree of
probability of not being received. For example, a choice between $5.00 for certain
or a 75% chance of $10.00. In these studies, it is common that a discount factor is
extracted for each individual, and variation in these values are compared with other
constructs of interest, typically related to well-being. For example, a meta-analysis
from 2018 synthesized 12 studies and concluded that the tendency to overvalue
low-probability gains (or undervalue high-probability losses) was associated with
problem gambling behavior.24 Discount factors, inferred in a variety of ways, have
also been associated with cigarette smoking,25 mood and psychotic disorders,26 el-
ements of alcohol use disorder,27 and risky sexual behavior.28

Broadly speaking, the logic in the referenced literature is that choices on probabil-
ity discounting tasks reflect a general psychological process also at play in the real
world for decisions of real consequence. Likewise, based on such logic, we hypoth-
esize that reward functions related to probability discounting will meet our purpose
of finding a reward function that may be relevant across human–automation collab-
oration tasks. Of course, many researchers in the area of probability discounting are
quick to point out that such associations are sensitive to the specifics of the choice
problem, likely to change over time, and vary across individuals. We therefore also
expect the same to be true of any discounting parameters that reflect behavior in
human–automation collaboration.

Notably, although longitudinal assessments of decision-making in the form of dis-
count factors exist in the literature (e.g., Olson 2010),29 they are rare and tend to
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involve very few measurements through time, often only a single time point and
a single follow-up. Our data are unique in that they offer far longer time series,
which allows for a novel view of decision-making from the perspective of a com-
plex systems approach. Specifically, our data allow us to investigate whether long-
range correlations exist in inferred discount factors, as well as how the influence
of contextual time features on discount factors changes over timescale, and im-
portantly, which timescales are most relevant. To our knowledge, although such
research questions have been investigated in several human science domains (e.g.,
time interval estimation,30 reaction time,31 and steering behavior32), they have never
been tested in inferred discount factors, let alone discount factors that characterize
human–automation collaboration. Answering these research questions will set the
stage for future work to develop models that predict general reward functions in
human–automation collaboration, potentially leading to personalized models of in-
dividual people that autonomous teammates can use to improve teaming outcomes.

3. Methods

3.1 Study Protocol

The data in this work come from an ongoing human subject study. Sixty partici-
pants were recruited at the University of Arizona. Following an initial screening
process, individual participants were invited to the lab for onboarding, where the
data collection system was explained to the participants and the BusyBeeway and
StudentLife applications were loaded onto their personal smartphones. Participants
completed a series of self-report items and a short tutorial on the gameplay. Par-
ticipants were then asked to play once daily when prompted for the next 180 days.
Other than troubleshooting, this was the only in-person interaction that the partici-
pants had with the study team. Additional details of the study protocol can be found
in Adamson et al.33

3.2 BusyBeeway

BusyBeeway is a mobile research video game designed for the study of human–
automation collaboration for motion planning.1 The game involves navigation and
collision-avoidance in the face of stochastic, moving obstacles. The application ver-
sion used in this study collects both game play and survey response data and allows
the experimenter to push modifications of game parameters to active participants
as needed. Participants for this study were given instructions during an onboarding
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process along with the link to download and install the app via Google Play as a
closed beta. In each daily gameplay session, players were assigned one of four AI
agents that vary in priorities between quick-level completion and obstacle avoid-
ance. Further detail on gameplay can be found in Adamson et al.33

3.3 Data Collection

The game application records all raw screen input and all information about the
game objects (position, heading, etc.). Data is recorded at 30 Hz, which matches the
per-second frame rate the game maintains. In addition to the data collected through
the game application, a participant’s context was also measured using a smartwatch
(Garmin Vivoactive 4) and a suite of passive sensing software uploaded to their
devices. The sensing software is known as StudentLife2,18 and is used to collect data
via a mobile phone’s onboard sensors (e.g., GPS). In this study, StudentLife was
modified to also coordinate the collection of data from the Garmin, which includes
a variety of sensors: an accelerometer, GPS, and a heart-rate monitor. Further details
on data collection can be found in Adamson et al.33,34

For the analyses discussed here, the relevant data streams are average daily heart
rate (beats per minute), average daily respiration (breaths per minute), total steps
taken, average daily Garmin stress score (a function of heart rate variability) and
average light detected by the phone’s camera (where units are a device-dependant
scalar). There are many other ways that the contextual data streams could be repre-
sented, and indeed, the day-based average is likely the least informative. For exam-
ple, variables such as activity and heart rate would clearly show multi-timescales
properties in that they vary with waking and sleep periods in a 24-h period. For
this report, we consider our analyses to be an initial proof of concept, and future
analyses will include a more systematic effort at feature engineering.

3.4 Data Analysis

3.4.1 Probability-Discounting-Based Reward Function

Participants make many risk–reward judgments during gameplay, evaluating the
distance closer to the next goal the player character could move against the proba-
bility of avoiding collisions. When the participant takes control away from the AI
agent, they are rejecting (their estimate of) the agent’s risk–reward trade-off in fa-
vor of their own. This implies a kind of two-alternative forced choice, analogous
to the kinds of choices on which probability discounting methods are based.3 Said
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differently, the observed behavior of the player when in control can be the revealed
preference of the player. In probability discounting, the value V of an option being
considered can be expressed in Eq. 1 where A is the reward in terms of moving
closer to the goal in game units and θ is the odds against receiving this reward in
terms of p, the probability of avoiding collision. We define the inferred value of the
player’s behavior as vp and the inferred value of the (estimated) agent’s behavior as
va.

V =
A

1 + hΘ
Θ =

1− p

p
(1)

πi =
1

1 + exp(−Vp−Va

β
)

(2)

There are many ways one could infer values of h. Here, we opted for a maximum
likelihood approach and adopted the logistic function in Eq. 2 as our likelihood
function.35 This function relates the difference in the value of two options, Vp and
Va, both calculated with Eq. 1 using the same h value, to the probability of picking
Vp. As the value of the two options becomes more distinct—that is, one choice be-
comes more obviously valuable than the other—the probability of picking it should
increase. This choice of a likelihood function also introduces the parameter, β,
which scales how quickly the probability of picking Vp increases as a function of
its relative value to Vb. As β increases, the probability of picking the less valuable
option increases, suggesting either a kind of exploration–exploitation trade-off, in
which the decision-maker knowingly picks the less valuable option to gain infor-
mation about it, or a perceptual noise-like process in which discriminating between
the two options is difficult, and thus, when values are close, the lower valued option
can be picked by mistake.

A value of h = 1 would indicate a decision-maker that chooses the option with
higher expected value, and therefore, would be considered strictly rational. In the
context of BusyBeeway, h > 0 indicates a decision-maker choosing to move fur-
ther from the goal than the AI agent would for the sake of reducing the probability
of collision. When h < 0, the decision-maker has opted for a path that results in
both an increased chance of collision with an obstacle and increase in the close-
ness to the goal as compared to what the agent would have done. Likewise, as β
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increases, the decision-maker appears to be less strictly rational in the sense previ-
ously described—either valuing exploration or appearing to have bounds on their
rationality related to perception. We refer to these two parameters collectively as
the reward function because they relate attributes of an option—that is, the close-
ness to the goal and the probability of collision for a course of action—to behavior,
where higher reward for an option is proportional to higher probability of picking
that option.

To estimate the reward function, we calculated the likelihood, πi, over the range
−20 ≤ h ≤ 20 and 1 ≤ β ≤ 200 for each participant for each day in which we
observed player control. The values of h and β that maximized πi on each day were
taken as our estimate of the reward function.

3.4.2 Detrended Fluctuation Analysis and Multi-Timescale Regression
Analysis

The resulting time-series data from recording human context measurements and
estimating behavioral parameters h and β form a complex noise-like signal. To in-
vestigate whether or not effects at different timescales could have an impact on
gameplay behavior, multi-timescale analysis is required. This research uses two
methods: detrended fluctuation analysis (DFA) to describe the structure of time se-
ries h and β and multi-timescale regression analysis (MRA) to measure the strength
of the regression coefficients at the different scales.

To perform DFA, the participant’s h and β time-series data were converted into a
walk-like series by accumulating the difference between successive samples. Then
the signal is divided into windows at a particular timescale w in terms of the number
of samples per window. Within each window, a fit is found (linear in this study) and
subtracted from the signal to detrend it. The root-mean squared (RMS) variation is
calculated for each window and then the RMS of those values represent the average
fluctuation at the timescale w. This is repeated for all timescales of interest. A linear
regression between timescale and RMS is found in logarithmic space, the slope of
which yields the Hurst exponent H that describes the fractal structure of the signal.
For comparison, white noise has a Hurst exponent of 0.5 and brown noise (random
walk) has an exponent of 1.5.
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r̂ =
σx

σy

r (3)

The MRA method used in this research is similar; both the time series of measure-
ments x and the behavioral series y (either h or β) are normalized to remove units
and then detrended at each timescale as in DFA. Instead of calculating the variance
at each window, a linear regression is performed to find the correlation coefficient
r. This coefficient is standardized using Eq. 3 where σx is the standard deviation
for x in the window and σy is the standard deviation for y. Because values for r̂ can
become positively biased in multi-timescale methods, a quadratic local detrending
method is used here instead.36 Finally, the r̂ values for each window are averaged
to produce an r̂ for that timescale. The strength of this regression is reported as R2,
the coefficient of determination for each timescale.

4. Results and Discussion

4.1 Univariate Detrended Fluctuation Analysis

The results from applying DFA to h and β time series are displayed in Fig. 1. The
average estimate of the Hurst exponents are 0.71 and 0.65 for h and β, respectively,
indicating temporally correlated noise, or a fractal structure. This is consistent with
many behavioral time series produced by humans.32

Hurst exponent estimates per individual have a mean of 0.685 (standard deviation
0.158) for h and a mean of 0.638 (standard deviation 0.176) for β. This implies
a degree of variation, with some individuals seeming to show behavior consistent
with anti-correlated noise and some possibly showing behavior consistent with mul-
tifractal noise. In general, however, the appearance of long-range temporal correla-
tions is clearly the norm.

4.2 Multiscale Regression Analysis

The results of our MRA analyses are shown in Figs. 2 and 3 for h and β, respec-
tively. Each panel shows the scale-wise associations of a reward function parameter
and a context data stream (i.e., heart rate, respiration, steps, stress, and light). The
darker lines represent results from all data and the bands represent the values that
contain 1 standard deviation.
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(b) β

Fig. 1 DFA of variables h and β in risk discounting. A base 2 logarithmic scale is applied to
both axes and the Hurst exponent H is listed at the top left of each graph. The line indicates
the RMS variation in local fluctuations for that timescale.
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Fig. 2 MRA of several human context measurements and their regression coefficients r against
variable h in risk discounting. The measurements are daily measures of (a) average heart rate
(in beats per minute), (b) average respiration (in breaths per minute), (c) total steps taken,
(d) average stress according to Garmin, and (e) average light detected as a device-dependant
scalar. The line indicates the overall average while the shaded region indicates 1 standard
deviation assuming symmetry to illustrate magnitude.
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Fig. 3 MRA of several human context measurements and their regression coefficients r against
variable β in risk discounting. The measurements are daily measures of (a) average heart rate
(in beats per minute), (b) average respiration (in breaths per minute), (c) total steps taken,
(d) average stress according to Garmin, and (e) average light detected as a device-dependant
scalar. The line indicates the overall average while the shaded region indicates 1 standard
deviation assuming symmetry to illustrate magnitude.
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Figures 2 and 3 demonstrate how the overall association of each context vari-
able with each reward function parameter generally stays around zero, regardless
of timescale. However, for some signals, there is potentially interesting variation
among individuals. For example, the association between steps and both h and β has
several peaks in variance at around 9, 12, and 16 days. This indicates that, for some
people, assessing longer timescales could lead to capturing important connections
between context and behavior that would be overlooked by traditional modeling
efforts that focus only on single timescales or averages of individuals.

5. Conclusions

The results from our application of DFA indicate that, much like many other human
phenomena, the reward functions we inferred from BusyBeeway appear to show
fractal behavior. Although controversial, the typical interpretation of such results
in the literature would be that fractal behavior suggests a complex system, com-
prising multiple interacting processes, that is showing the potential to respond to
constraints by striking a balance between order and disorder (what is often referred
to as flexibility). Notably, as described by Likens et al. (2025),32 “Behaviors heav-
ily constrained by either task or intention show weakened fractal properties, while
those left free to vary do not” (p. 2815). From this perspective, the individual dif-
ferences in fractility observed in our data may suggest that participants differed in
the degree to which their preferences remained consistent over time. It would seem
reasonable that such variation could be traced back to variation in context.

Our assessment of how reward function parameters relate to contextual data streams
further highlights the importance of individual differences. Specifically, when aver-
aged over all subjects, the association between all context variables and both reward
function parameters tends to remain near zero, suggesting minimal, if any influence.
However, for some signals for some people, it appears that the association shows
up more clearly, but only at certain timescales (i.e., short- to mid-range timescales
such as 9, 12, and 16 days for steps).

In total, our findings support the argument that the traditional laboratory-based
study potentially loses out on critical information by being limited in both the length
of time data can be collected and the number of people that can be sampled. The
question then becomes whether large data sets that span long timescales, such as
ours, can be productively used in conjunction with the more specialized, traditional
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data sets associated with laboratory-based studies of human–automation collabora-
tion. This is the direction our work will take next.
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AI artificial intelligence
DFA detrended fluctuation analysis
GPS global positioning system
MRA multi-timescale regression analysis
RMS root-mean squared
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