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Shared Experiences of Technology and Trust:
An Experimental Study of Physiological
Compliance Between Active and Passive Users
in Technology-Mediated Collaborative Encounters
Enid Montague, Jie Xu, and Erin Chiou

Abstract—The aim of this study is to examine the utility of physiological compliance (PC) to understand shared experience in a
multiuser technological environment involving active and passive
users. Common ground is critical for effective collaboration and
important for multiuser technological systems that include passive
users since this kind of user typically does not have control over
the technology being used. An experiment was conducted with 48
participants who worked in two-person groups in a multitask environment under varied task and technology conditions. Indicators
of PC were measured from participants’ cardiovascular and electrodermal activities. The relationship between these PC indicators
and collaboration outcomes, such as performance and subjective
perception of the system, was explored. Results indicate that PC is
related to group performance after controlling for task/technology
conditions. PC is also correlated with shared perceptions of trust
in technology among group members. PC is a useful tool for monitoring group processes and, thus, can be valuable for the design of
collaborative systems. This study has implications for understanding effective collaboration.
Index Terms—Group performance, multiagent systems, passive
user, physiological compliance (PC), trust in technology.

I. INTRODUCTION
CUSTOMER and a service representative finalize a transaction using a computer. A pilot and a copilot fly an airplane with an autopilot system. A doctor and a patient share a
computer monitor to discuss treatment options. These vignettes
describe joint-activity systems, which are as common as people
interacting with or through technology.
Effective joint activity requires common ground among the
group members [1] or a shared understanding of the relevant
knowledge, beliefs, and assumptions that support cooperative
coordination, and the process by which this shared understanding is updated [2]. Common ground includes various types of
understanding, such as understanding each person’s role, skills,
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goals, or current state [2]. It also includes an awareness of the environment, the tools being used, and the tasks being performed
[3]. With common ground, agents of joint activities can understand potentially ambiguous communication confidently and
efficiently. Common ground also facilitates an agent’s anticipation of future states of the activity and the ability to respond to
changes appropriately. Thus, common ground is considered critical for joint activity and coordination among multiple agents.
Understanding common ground and how groups leverage this
information to coordinate an activity can be important for understanding successful joint activities in complex and dynamic
environments. Joint activities also occur between people and
technology, which is why members of a joint activity might be
referred to as “agents,” or between people with technology as a
communication medium. Particularly as workplaces move farther apart geographically and virtual teams become more common, computers and information technology become the carriers
of information that update the common ground and status of the
activity. For example in healthcare, health information technology is used to coordinate patient information [4], [5]. However,
it is shown that introducing a new technology such as the electronic health records may have unintended consequences to the
care process [6]. In a primary care health encounter, a doctor’s
computer monitor-sharing with a patient has been described as
an essential element of patient-centered care because it improves
patient education and the shared decision-making process [7].
In addition, monitor-sharing might help create common ground
between patients and their doctors by facilitating communication and discussion during the visit [8].
Common ground builds on prior knowledge before an activity, history of the activity, and the current state of the activity
[2]. Maintaining common ground among team members might
be achieved in three ways: communicating directly, monitoring
shared displays, and monitoring their environment (including
monitoring each other’s behavior) [9]. In a complex and dynamic environment with a large amount of uncertainty, updating
the common ground is especially important. In a multiuser system involving passive users, such as the doctor–patient example
where patients are not usually in direct control of the technology, communication about the current state can be the most
important factor for building common ground between passive
and active users [10]. This is also the case for joint users with
different levels of expertise or perspectives, such as doctors and
nurses, or service personnel and customers [11].
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One challenge to understanding common ground is measuring it dynamically in teams, using methods beyond self-report
or observation. Finally, little is known about how achieving
common ground affects individuals on the team.

TABLE I
PC INDICATORS AND THEIR DEFINITIONS
PC indicator
SM

II. PHYSIOLOGICAL COMPLIANCE
One potential approach to inferring the real-time cognitive
state of individuals during joint activity is to use physiological
measures [2], [12]. Comparing real-time physiological measures, such as those linked to concurrent tasks or reactions of
team members, may provide a way to assess the status of common ground during joint activity. Physiological measures could
complement other approaches, such as observation and subjective reports, with the advantages of being unobtrusive [13],
objective, and providing information in real time [14].
Physiological measures have been used to identify response
patterns that relate to affective exchange among individuals in a
joint activity during direct communication. For example, Levenson and Gottman [15] found that physiology correlates between a wife and a husband during a conversation could predict
the marital satisfaction rating of the couple. Another study [16]
found that covariation in electrodermal activities of two individuals relates to conversations with positive or negative affective
behaviors but not the neutral ones. Distinctive physiological
changes can also be observed when an individual monitors another individual’s behavior, one of the ways to update common
ground. For example, Cwir et al. [17] found that in a two-person
group, if one person observes another person running, the observer will show physiological arousal similar to that of the
runner. A study by Nowlin et al. [18] found similar results in
social interactions; passive participants showed similar physiological changes with the active participants.
One useful concept in investigating shared physiological
change among multiple individuals is physiological compliance
(PC). PC is the study of covariation in participants’ physiological changes during social interaction [19]. Many studies about
PC link it to group performance and effectiveness. For example,
higher PC was found to relate to shorter task completion time
in a collaborative tracking task [20] and better performance in
a military building clearing task [21].
There are several PC indicators used to determine the PC of
two individuals, such as signal matching (SM), instantaneous
derivative matching (IDM), directional agreement (DA), cross
correlation (CC), and weighted coherence (WC). SM, IDM,
and DA were developed by Elkins et al. [21]. CC and WC
were used by Henning et al. [20] to measure PC; WC was
developed based on Porges et al.’s work [20], [22]. In SM,
the differences between the areas of the two individuals’ data
curves are compared. The smaller the area between the curves,
the lower the SM score. A low SM score indicates higher curve
similarity and thus higher PC. In IDM, the slopes of the curves
are compared. This is accomplished by averaging the differences
between the instantaneous derivatives of corresponding points
between the curves; the derivative of a point provides the tangent
and thus the slope of the curve at that point. A low IDM score
would indicate high similarity between the curves, and thus high
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IDM

DA

CC
WC

Definition
The difference between the areas under the curves of two
physiological signals.
The average of the differences between the instantaneous
derivatives of corresponding points between the curves of two
physiological signals.
The average agreement of the direction of change of
corresponding points comparing to their previous points in the
curves of two physiological signals.
Lag 0 CC of the curves of two physiological signals.
The similarity of two curves of physiological signals on a
specified frequency band.

PC. In the third PC measure, DA, the directional movement of
the curve is assessed by comparing each point on the curve
with its previous point. For example, an increasing directional
movement would mean data point B is higher in value than data
point A. A percentage of the two curves’ DA is then calculated;
a higher percentage indicates higher PC. A CC coefficient is
calculated to determine the covariance of corresponding data
points in each physiological data curve at lag 0. While the PC
indicators discussed previously were derived from the original
physiological signal, which recorded on the time domain, WC is
a PC indicator that concerns frequency domain. WC quantifies
the similarities of two individuals’ physiology responses on a
specified frequency band regardless of phase differences. These
PC indicators are summarized in Table I.
III. CURRENT STUDY
This study aimed to understand the process of joint activity,
using PC measures, in technologically complex environments
that include active and passive users. This study also investigated how PC relates to task performance and the subjective
experience of the group.
As the characteristics of a task or technology change, a group
may need to adapt to maintain common ground. For example,
they may need to communicate more frequently or monitor each
other’s behavior more closely. Behavioral changes would likely
be reflected as PC indicators change.
Hypothesis 1: Task/technology conditions (specifically, task
demand and technology reliability) affects the level of group PC.
Specifically, high task demand and low technology reliability are
related to high PC.
Empirical studies found that PC is related to group/team coordination and performance in dynamic task environments [20],
[21]. This study tested if PC was related to task performance
after controlling for the effects of varied task/technology conditions introduced by experimental manipulations.
Hypothesis 2: PC of a group is positively related to the
performance of the group after controlling for effects of
task/technology conditions.
Previous studies found that PC relates to affective exchange
and corresponding subjective ratings such as satisfaction or how
much a participant liked working with the partner [13], [15],
[16]. This study investigated the relationship between PC and
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subjective experiences, focusing on passive users’ awareness of
active users’ workload. Common ground includes understanding of the states of other individuals in a group, such as mutual
awareness of workload [23].
Hypothesis 3: PC of a group is related to how the passive user
estimates the active user’s workload. Specifically, the higher the
PC, the closer the passive user’s estimation of the active user’s
workload is to the active user’s self-reported workload.
PC may also relate to the shared perception of the trustworthiness of the technology being used. Trust in technology is
an individual’s attitude that a technology will help achieve a
specific goal [24]. Trust in technology influences how the technology is used and may influence a user’s trust in other elements
of a work system, such as co-users and the institution which implements the technology [25], [26]. Trust in technology may
be calibrated to a similar level among the users while common
ground is being established.
Hypothesis 4: PC of a group is related to the shared perception
about the trustworthiness of the technology among the group
members. Specifically, high PC is related to high similarity of
the group members’ level of trust in technology.

to control several pumps to maintain optimum liquid levels in
two tanks. The MATB also contained an audio task but it was
not used in this study. The participants had to perform all three
tasks at the same time, and they were instructed that the three
tasks had equal importance.
C. Procedure

This study recruited participants from an introduction to human factors course in a large Midwestern university in the U.S.
The sample size was 48. The participants ranged in age from 19
to 29 (mean = 21.6, SD = 1.7). Fifteen of the participants were
female (31.3%). The participants received extra course credits
for participating in the study. The participants were randomly
assigned to two-person groups (n = 24) for the experiment.
Among the groups, 50% of the participants reported that they
did not know the other member in the group, or were only acquainted for a short period of time in the course prior to the
experiment; 50% of the participants reported that they knew
each other prior to the experiment. In addition, 50% of the
groups were mixed-gender groups where the group members
had different genders. The two groups who achieved the highest
performance were awarded $20 per group member. The protocol of this study was approved by the university’s institutional
review board.

The participants participated in two-person groups. One of
the participants was randomly assigned as the active user, and
the other participant was assigned as the passive user. The active
user had full access to the control devices of the computer, the
keyboard, and the joystick. The passive user did not have access
to any of the control devices, but he/she could monitor the
tasks and communicate with the active user to assist with the
task. The participants were instructed to work as a team, and if
they achieved the highest performance, both of them would be
eligible for the monetary award.
Upon arrival, participants were asked to provide informed
consent. Then, the participants were connected to the physiological measurement device, and a 6-min baseline (BL) recording
was collected. During the BL recording, the participants were
instructed not to interact with each other. After the BL recording,
written instructions of the MATB was given to the participants
to read. After the reading period, the participants went through a
6-min training session, separately, on different computers. After
the training session, the experimenter answered the participants’
questions about the control and the goal of the tasks and received
verbal confirmation that the participants understood the tasks.
The participants then worked together on one computer workstation (with one shared display) for the task trials. There were
three task trials each lasting a fixed length of 6 min. The task trials varied in difficulty level and technology reliability level, and
the sequence of these conditions was counterbalanced across
groups. Participants completed surveys about their subjective
experience after each task trial. Scales used included the NASA
task load index (NASA-TLX) [28] and a trust in technology
scale [29]. The participants moved to the next task trial once
both of them finished the survey. Physiological data were collected during the task trials. All the participants completed a
demographic information survey at the end of the experiment.
Finally, the participants were debriefed about the study. The
procedure is summarized in Fig. 1.

B. Task

D. Experiment Design

The participants performed psycho-motor tasks in a modified
version of the Multiattribute Task Battery (MATB) program
[27] which runs on a PC-DOS operating system. The computer workstations for the participants to perform the task were
equipped with 23-in monitors and keyboards, mice, and joysticks as control devices. Three tasks of the MATB were used:
a monitoring task, a tracking task, and a resource management
task. The monitoring task required participants to respond as
quickly as possible to lights and dial fluctuations via keyboard
keystrokes. The tracking task required participants to maintain
a randomly moving target in the center of the screen using a
joystick. The resource management task required participants

The within-subject experimental treatment of this study was
based on the three levels of the task/technology conditions:
the normal condition, the hard condition, and the low reliability condition. The participants went through these three levels
in the three task trials. The sequence of the conditions was
counterbalanced across groups. In the normal condition, the demand level in the monitoring task was low, the difficulty level
in the tracking task was low, and the reliability of the pumps in
the resource management task was high. In the hard condition,
the demand level in the monitoring task was high, in that more
frequent responses from the user were needed, and the tracking task was more difficult, in that the speed and movement

IV. METHOD
A. Participants
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Fig. 1.

Procedure of the current experiment.

TABLE II
MANIPULATION OF THE WITHIN-SUBJECT VARIABLE—TASK/TECHNOLOGY
CONDITIONS
MATB tasks

Monitoring task
Tracking task
Resource
management task

Levels of task/technological conditions
Normal
condition

Hard condition

Low reliability
condition

Standard
demand
Standard
difficulty
Reliable pumps

High demand

Standard
demand
Standard
difficulty
Unreliable
pumps

High difficulty
Reliable pumps

amplitude of the target were increased. All the parameters of
the resource management task were the same as in the normal
condition. In the low reliability condition, the difficulty level in
the monitoring task and the tracking task were the same as in
the normal condition. However, the pumps in the resource management task became unreliable, in that certain pumps would
“fail.” When a pump fails, its flow rate becomes zero and turns
red in color, and the participant is not able to control the flow
rate. Thus, it was difficult for the participants to maintain the
desired liquid level in this condition. In sum, the normal condition was the control condition for group performance, the hard
condition was expected to alter the group’s performance in the
monitoring task and the tracking task, and the low reliability
condition was expected to alter the group’s performance in the
resource management task. The manipulation of this variable is
summarized in Table II.
E. Measurements
1) Performance: Performance in the monitoring task was
measured in MATB by average reaction time, miss rate, and
false alarm rate. These measurements were first standardized
using z-transformation applied to the whole dataset. The values
were then reversed scaled so that the higher values represented
higher performance. Finally, one single performance index was
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calculated for the monitoring task by averaging across the three
of them. Performance in the tracking task was first measured by
the target’s root-mean-square error (RMSE) which indicates the
deviation of the target from the center of the screen. Then, the
RMSEs were reversed so that a higher value would represent
higher performance. Performance in the resource management
task was first measured by mean absolute deviation of the liquid
level of the tanks to the desired level. The mean absolute deviation values were also reversed so that higher values presented
higher performance.
2) Physiological Compliance: Physiology data were collected with a MP150 Data Acquisition System (Biopac Systems
Inc.) and Acqknowledge (version 4.2). The data gathered from
the participants included electrodermal activity (EDA) and cardiovascular activity measurements. EDA measures the changes
in the volar surface of the fingers’ skin conductance level as well
as skin conductance response (SCR) due to sweat gland (eccrine)
activity. Two electrodes were placed on the distal phalanx area
of the index and middle finger of the participants to measure
EDA. For the active users, electrodes were placed on the hands
they used for controlling the joystick to minimize intrusiveness of the measurement, since no key pressing was required
for the operation of the joystick. Electrocardiogram (ECG)
was used for measuring participants’ cardiovascular activity
. Three electrodes were used for measuring ECG. Two electrodes were placed below the left and right clavicle. The third
electrode was placed below the left pectoral muscle. The sample
rate was 62.5 Hz for EDA and 1000 Hz for the ECG. The signals
from the two participants in a group were synchronized during
data collection.
Low-pass filters at 5 Hz were applied to the EDA data to
filter high frequency (HF) noise in the signals. The EDA signals
were resampled at 2 Hz before subsequent analysis. Interbeat
intervals (IBIs) were derived from the ECG. All the derived
IBI data were visually examined for artifacts. If an artifact was
identified in the IBI series, the corresponding original ECG data
would be examined and corrected. The correction would be done
by manually removing artificial peaks or recovering R waves.
New IBI data would be derived again after the corrections.
All the IBI data were resampled at 2 Hz. Data from the same
participant were standardized using z-transformation for both
EDA and IBI.
PC indicators, including SM, IDM, DA, CC, and WC, were
calculated for the physiology data from each group in the baseline recording (BL) and the three task trials. PC indicators in
the time domain, including SM, IDM, DA, and CC, were calculated from the standardized EDA and IBI data. For CC, the
lag 0 CC coefficient was used. In addition, CC was calculated
directly from the data without detrending or an autocorrelation
adjustment. WC was calculated in two steps using R [30]. First,
raw periodograms were derived from the data with fast Fourier
transformations after linear trends were removed; and the periodograms were smoothed using modified Daniell smoothers,
which are moving averages giving half weight to the end values [31], [32]. A span of 5 was chosen for the smoothers as it
provided a good balance of smoothness and resolution. Second,
WC scores were calculated by the formula described by Porges
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et al. [22] and Henning et al. [20] in certain frequency ranges.
WC of EDA was calculated under the frequency range of about
0.01 to 1 Hz. WC of IBI was calculated in two different frequency bands: low frequency (LF) band (0.04–0.15 Hz) and HF
band (0.15–0.4 Hz). The HF component of heart rate variability (HRV) is also known as respiratory sinus arrhythmia which
corresponds to respiratory frequency, and to which parasympathetic nerve system (PNS) activity is a major contributor [33],
[34]. The LF component is affected by both the PNS and the
sympathetic nerve system (SNS) [33] and is often used as an index of mental workload [35], [36]. Thus WC of IBI was divided
into WC in low frequency (WCLF) and WC in high frequency
(WCHF).
3) Subjective Ratings: Active users were asked to use the
NASA Task Load Index (TLX) to evaluate their own workload
during the task trial, while passive users were asked to use it
to evaluate their group mates’ (i.e., the active users) workload.
The workload difference rating was then calculated by taking the
absolute value of the difference between the active user’s selfevaluation and the passive user’s evaluation. Thus, the workload
difference rating could be an indicator of how the passive user’s
evaluation matched the active user’s self-evaluation.
Both the active and the passive users were asked to evaluate
the technology’s trustworthiness using a seven-point Likert scale
for 12 items. The final trust rating was calculated by summing
the points of the items (negative items were reversely coded).
The resulting trust ratings ranged from 12 (least trust) to 84
(most trust). Two measures were derived: the average rating
of trust in technology (averaging the active user and passive
user’s rating), and the difference rating of trust in technology
(the absolute value of the difference between the active user’s
trust in technology rating and the passive user’s rating). The
difference rating is used as an indicator of the heterogeneity of
trust in technology ratings between the active and passive users
per group.

F. Data Analysis
For descriptive data analysis, the PC indicators were examined, and the subjective ratings were summarized. Correlation
coefficients among the indicators were calculated to check if
the indicators related to each other. PC measures during the
BL recording and task trials were compared to see if there was
a significant difference; in the BL recording, because the two
participants were not working together, PC should be lower.
In this comparison, the data were fitted to linear mixed effects
(LME) models. An LME model is similar to a linear model in
that it contains fixed effects with linear parameters but it also
contains random effects to account for nonindependence in variance [37]. It is appropriate for analyzing the current study’s data
where there are two sources of nonindependence: participants
worked as two-person groups and each group went through all
three task/technology conditions. To test if PC was higher in
the task sections than in the BL recording, the BL PC indicator
values were subtracted from the task/technology conditions’ PC
indicator values. Then, the task trial PC indicator values were

TABLE III
CORRELATIONS AMONG THE PC INDICATORS FOR EDA

SM
IDM
DA
CC
WC

SM

IDM

DA

CC

0.43 ∗
−0.10
0.00
0.05

0.21 ∗
0.00
−0.28 ∗

0.06
0.00

0.05

∗ indicates the correlation coefficient is significantly different from 0 with p < 0.05.
SM = signal matching, IDM = instantaneous derivative matching, DA
=
directional
agreement,
CC
=
cross correlation, WC = weighted
coherence.

fitted with an LME model using random intercepts for groups,
and only the intercept as the predictor.
Next, the four proposed hypotheses were tested. To test the
effect of task/technology conditions on the dependent variables,
LME models were fitted to the data using task/technology conditions as an independent variable and groups as random intercepts. To test the relationship between PC and group performance, LME models were fitted to the data using performance as
the dependent variable, PC indicator and task/technology conditions as independent variables, and groups as random intercepts.
Thus, the effect of task/technology conditions was controlled
statistically. A similar procedure was used to test the relationship
between PC and the subjective ratings. P-values for the fixed
effects were obtained through Type III F-tests. The denominator degrees of freedom in the F-tests were approximated using
the Kenward–Roger method [38]. The degrees of freedom for
t-tests used for pairwise comparisons were approximated using
the Satterthwaite method [39]. To test the hypotheses, one-tailed
tests were performed according to the stated direction of the relationship. Two-tailed tests were used for the tests that were not
related to the hypotheses.
All of the data analysis was conducted using R [30] with the
lme4 package [40] and the lmerTest package [41].
V. RESULTS
A. Descriptive Data Analysis
Cardiovascular activity data (IBI) from two groups were excluded in the analysis due to equipment malfunction and thus
poor signal quality of that physiological measure. The final sample size of groups was 24 for EDA and 22 for IBI. Tables III and
IV show the correlations among the PC indicators for EDA and
IBI, respectively. For EDA, SM and IDM, IDM and DA, and
IDM and WC were significantly correlated. The correlations
were not significant among other PC indicators. Specifically,
CC did not correlate with any other PC indictors. A different
pattern was found for IBI. SM and IDM, SM and CC, and DA
and CC were significantly correlated. DA, WCLF, and WCHF
did not show significant correlation with each other and other
PC indicators.
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TABLE IV
CORRELATIONS AMONG THE PC INDICATORS FOR INTERBEAT INTERVAL
SM

IDM

DA

TABLE VI
RANGE AND MEAN (±SD) OF THE SUBJECTIVE RATINGS UNDER EACH
TASK/TECHNOLOGY CONDITION

WCLF
Measurement

SM
IDM
DA
CC
WCLF
WCHF

0.30 ∗
−0.15
−0.29 ∗
0.04
−0.18

−0.13
−0.15
−0.02
−0.05

0.32 ∗
0.02
0.15

Workload
difference rating
Trust in
technology
average rating
Trust in
technology
difference rating

0.08
0.20

∗ indicates the correlation coefficient is significantly different from 0 with p < 0.05.
SM = signal matching, IDM = instantaneous derivative
matching, DA = directional agreement, CC = cross correlation, WCLF = weighted coherence in LF, WCHF =
weighted coherence in HF.

TABLE V
MEAN VALUES OF THE PC INDICATORS FOR EACH PHYSIOLOGICAL MEASURE
IN THE BL RECORDING AND EACH TASK/TECHNOLOGY CONDITION
Measure

EDA

IBI

PC indicator

SM
IDM
DA
CC
WC
SM
IDM
DA
CC
WCLF
WCHF

619

Conditions

t value

Baseline

Normal

Hard

Low
reliability

0.938
0.052
0.547
0.296
0.242
1.214
0.471
0.507
0.050
0.176
0.151

0.678
0.051
0.591
0.159
0.286
0.958
0.451
0.502
0.059
0.179
0.158

0.731
0.051
0.589
0.276
0.263
1.023
0.451
0.506
0.095
0.186
0.179

0.520
0.051
0.583
0.212
0.293
0.922
0.421
0.508
0.040
0.162
0.177

t = −2.11∗
t = −0.02
t = 2.39∗
t = −0.75
t = 0.86
t = −5.14∗
t = −1.26
t = −0.37
t = 0.56
t = −0.02
t = 1.92

The t values were obtained from tests that compared the average value in the
task/technology conditions with the value in the BL recording. ∗ indicates the corresponding MCMC-estimated p-value was smaller than 0.05.
SM = signal matching, IDM = instantaneous derivative matching, DA = directional
agreement, CC = cross correlation, WC = weighted coherence, WCLF = weighted
coherence in LF, WCHF = weighted coherence in HF.

The means of the PC indicators for EDA and IBI under the
BL recording and each task/technology conditions are shown in
Table V. The results of the LME model fitting were also reported
in Table V. For EDA, higher PC in task trials was found for
SM (t(23) = −2.110, p = 0.046, two-tailed), and DA (t(23) =
2.388, p = 0.026, two-tailed). For IBI, higher PC in task trials
was found for SM (t(21) = −5.139, p < 0.001, two-tailed).
Table VI shows the descriptive statistics of the subjective
ratings, including the workload difference rating, trust in technology average rating, and trust in technology difference rating.
The effect of gender composition of the groups on physiology
compliance was tested, and the result was nonsignificant.
B. Effect of Task/Technology Conditions
The task/technology conditions had significant effects
on performance in the tracking task (F (2, 46) = 60.132,
p < 0.001) and the resource management task (F (2, 46) =
142.320, p < 0.001). Specifically, average performance in

Range

Conditions
Normal

Hard

Low reliability

0.17–48.5

16.17 (±11.34)

11.12 (±8.07)

17.61 (±12.76)

36–65

52.21 (±7.08)

48.58 (±7.18)

51.06 (±5.52)

0–25

11.42 (±6.86)

11.04 (±5.95)

10.50 (±6.56)

the tracking task was significantly lower in the hard
condition than in the normal condition (t(46) = −9.020,
p < 0.001, two-tailed); average performance in the resource
management task was significantly lower in the low reliability condition than in the normal condition (t(46) = −15.210,
p < 0.001, two-tailed). No significant effect was found for the
task/technology conditions on the performance in the monitoring task. These results are visualized in Fig. 2.
WCHF of IBI was the only PC indicator that was significantly
affected by the task/technology condition (F (2, 42) = 3.256,
p = 0.0484). Both the hard condition (t(42) = 2.080, p =
0.022, one-tailed) and low reliability condition (t(42) = 2.320,
p = 0.012, one-tailed) had higher average values in WCHF of
IBI than in the normal condition.
The task/technology conditions had a significant effect on
the average trust in technology rating (F (2, 46) = 7.493, p =
0.002). Specifically, ratings in the low reliability condition were
lower than in the normal condition (t(46) = −3.790, p < 0.001,
two-tailed). A significant effect was also found for the workload
difference rating (F (2, 46) = 4.714, p = 0.014); difference ratings in the hard condition were lower than in the normal condition (t(46) = 2.440, p = 0.019, two-tailed). These results are
visualized in Fig. 3.
C. Relationship Between Physiological Compliance
and Group Performance
DA of EDA was related to performance in the tracking task
(F (1, 58) = 9.384, p = 0.003). Higher PC was related to higher
performance (t(52) = 2.541, p = 0.007, one-tailed). In addition, SM of EDA was related to performance in the resource
management task (F (1, 65) = 5.871, p = 0.018). However, in
contrast with the previous result, lower SM of EDA (thus higher
PC) related to lower performance (t(52) = −2.160, p = 0.982,
one-tailed). These results are visualized in Fig. 4.
D. Relationship Between Physiological Compliance
and the Subjective Ratings
The results indicated that none of the PC indicators correlated
with the workload difference rating after controlling for the
effect of task/technology conditions.
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Fig. 2. Mean and standard deviation of the performance in monitoring task, tracking task, and resource management task in the normal condition (N), hard
condition (H), and low reliability condition (L).

Fig. 3. Mean and standard deviation of subjective ratings, including trust in technology average rating, trust in technology difference rating, and workload
difference rating under the normal condition (N), hard condition (H), and low reliability condition (L).

The results also indicated that PC indicators were related
to the trust in technology difference rating. Levels of two PC
indicators, including DA of EDA and WCHF of IBI, were correlated with values of the trust in technology difference rating (for
DA of EDA, F (1, 55) = 4.175, p = 0.045; for WCHF of IBI,
F (1, 55) = 9.458, p = 0.003). Higher levels of PC per the two
indicators were related to lower values of the trust in technology
difference rating (for DA of EDA, t(54) = 2.110, p = 0.020,
one-tailed; for WCHF of IBI, t(54) = 1.773, p = 0.041, onetailed). These results are visualized in Fig. 5.

VI. DISCUSSION

Fig. 4. Mean and standard deviation of the performance in different tasks as
predicted by different levels of PC in the normal condition (N), hard condition
(H), and low reliability condition (L). +/−1 SD value of the sample were used
as high/low level of PC for data visualization purpose.

In general, many of the different PC indicators were not significantly correlated with each other for both EDA and cardiovascular activity (IBI), which indicates a low convergent validity [42] for these measures. This may also indicate a need
for developing better PC indicators for EDA and IBI in future
research. However, the PC indicators used in this study reflect
some unique aspects of PC. Since SM measures the area of
overlap of two physiological signals, it takes the general similarity of the two signals into account with low specificity in the
direction and magnitude of momentary fluctuations. Although
Elkins et al. [21] found that SM did not show high correlation
with the visual inspections of human observers of two signals,
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Fig. 5. Mean and standard deviation of the trust in technology difference
rating as predicted by different levels of PC in the normal condition (N), hard
condition (H), and low reliability condition (L). +/−1 SD values of the sample
were used as high/low levels of PC for data visualization purposes.

this study indicated that SM successfully distinguished PC in
the BL recording from the task trials. CC also measures general
similarity of two physiological signals. However, it is not known
if lag 0 CC is the optimum measure since there are individual
differences in delays of physiological changes [43]. DA and
IDM seem more sensitive to momentary changes of the signals.
DA is sensitive to momentary direction changes of two signals
but ignores the amplitude of the change. IDM takes both the
direction and the amplitude of the change into account. These
two measures may be stricter than SM and CC in complex
environments and activities where compliance may not occur
momentarily. In contrast with the aforementioned four timedomain PC indicators, WC is a frequency-domain measure that
captures the similarity of two signals in terms of magnitudes of
waves in specified frequency bands. It is useful in that it could
provide information about PC in different frequency bands in
HRV. However, this measure is not valid if the signals are not
stationary [44]; nonstationary could be the case for EDA signals
as discrete acyclic events elicit SCR in EDA.
Although there was no specific hypothesis for comparing PC
during the task trials with the BL recording, it is interesting to
find that only a few PC indicators show a significant difference
between these two periods. During the BL recording, both of
the participants in a group were instructed to sit still and relax;
this may cause a relative “smooth” physiological change from
both of the participants, and thus an indication of high PC.
Hypothesis 1 stated that task/technology conditions will
have an effect on PC, and that high task difficulty and low
technology reliability will relate to high PC. The results indicated that only WCHF in IBI was affected by the task/technology
conditions. According to Boucsein and Backs’ three arousal
model [35], HRV is an indicator of the effort arousal system,
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which is responsible for inhibiting immediate response behavior
to stimuli and allows for central processing of information [43],
[45]. Thus, it is related to operator effort and workload [46],
[47]. WCLF and WCHF of IBI could be an indicator of a shared
workload level of the two individuals in a group. Other PC indicators with EDA and IBI measures are all related to the affect
arousal system, which is responsible for focusing attention and
generating orienting responses [35], [43], [45]. Therefore, the
results of this study indicated that under varied task/technology
conditions, group members had similar PC levels on indicators
related to attentional and operational control, but different PC
levels on indicators related to workload. Specifically, under high
demand induced by either the difficulty of the task or the reliability of the technology, participants had a stronger linkage to
the workload to cope with the situation.
Hypothesis 2 stated that PC is positively related to task performance after controlling for the effect of task/technology conditions. This hypothesis was not supported. Many of the PC
indicators were not significantly correlated with performance,
but DA of EDA was significantly correlated with performance
on the tracking task. High performance on the tracking task was
related to high PC, even though the passive user was not in control of the computer. One explanation for this is that the tracking
task requires intense attention and operation. Since the passive
user was not in control, he or she may have had more attentional
resources available for monitoring abnormalities in the tracking
task. If the passive user directs the active user’s attention to the
abnormality in the tracking task when needed, the group performance on this task could improve. This communication process
between the active and passive users could lead to higher PC.
Therefore, in the end, high PC was related to high performance
on the tracking task. Interestingly, group performance on the
resource management task was negatively related to level of PC
as indicated by SM of EDA. In this experiment, the resource
management task did not require intense attention and operation; rather, it required more strategic planning from the group.
Further investigation is needed to confirm and understand why
PC or general arousal levels would be negatively related to those
kinds of tasks.
Hypothesis 3 states that PC is related to how the passive user
estimates the active user’s workload. This hypothesis was not
supported by the results of this study.
Hypothesis 4 states that PC is positively related to the shared
perception of technology trustworthiness. Support for this hypothesis was found in this study. Three PC indicators consistently showed that higher PC was related to smaller differences
of trust in technology ratings between the group members. A
previous study found that there is a social influence on trust
in technology ratings when the technology is being used in a
team setting [10]. This study found that social influence might
be related to how the active and passive users interact with
each other. Further research is needed to better understand
the detailed mechanisms of trust in technology and the trust
calibration process at the group level.
There are several limitations of this study. First, in such an
experimental study, the members of the groups did not have
long-term working relationships on the task environment. Although it has implication for short-term working relationships,
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such as in emergency care teams, more research is needed for
longer term relationships such as clinician–patient relationships
or organizational work teams. Second, although a unified performance index for the monitoring task has the benefit of simplifying the data analysis process, it might not be an accurate
account of the overall performance in this task. Since the distribution of reaction time, miss rate, and false alarm rate was
skewed, there may be biases when the values are standardized
to form a single index. Third, a number of PC indicators were
used in this study, making the number of tests conducted high
and vulnerable to type I errors. Fourth, although the participants were motivated for task performance in the experiment
according to the observation of the experimenters, there was no
method implemented to ascertain if PC was indeed a result of
collaboration but not socialization for all the groups. It was also
not possible to assess the effects of potential preexisting relationships between participants on PC. Finally, a more effective
BL design is needed to test if PC indicators can measure the
physiological covariation during collaboration. In the current
study, PC measured accidental physiological covariation of two
individuals who sat quietly. During the task, PC measured coincidental physiological covariation, physiological covariation
due to individual task work, and physiological covariation due
to collaboration. A better BL measure might be able to account
for the physiological covariation due to individual task effects;
however, designing such a BL is particularly challenging since
the participants were assigned to active or passive user roles.
Future studies could address this issue by using a different role
structure.
VII. CONCLUSION
This study investigated the process of joint activity using PC.
Establishing common ground is critical for effective joint activity, and common ground could be established through communication, sharing displays, and monitoring each other. Understanding the processes and conditions leading to common ground can
provide insights on team coordination, but it can be difficult to
measure common ground dynamically in a complex task environment. Physiological measures can complement observation
or subjective reports in understanding the processes and conditions leading to common ground. In this experimental study,
participants performed group tasks under varied task/technology
conditions in groups involving active and passive users. Results informed four main findings: First, different PC indicators
measure different aspects of PC. Researchers and practitioners should be careful about selecting appropriate PC indicators.
More research is needed to develop and compare different PC
indicators. Second, PC is related to group performance after
controlling for task/technology conditions. Specifically, DA of
EDA is related to performance in the tracking task, and SM
of EDA is related to performance in the resource management
task. Results from the first two findings can inform future research seeking to measure the dynamic processes of common
ground among team members operating in complex task environments. The third main finding was that task/technology
conditions affect the level of PC among the group members.
In a joint activity where high attentional resources are needed

for operational control, such as in the tracking task used in this
study, common ground may play an important role in performance; higher PC was related to higher group performance in
the tracking task. It is still undetermined why common perceptions of workload may not be shared among active and passive
users of technology. Technology could play a supportive role
in this regard by supporting passive users’ sensitivity to active
users’ workload, such as when a teammate is deciding whether
or not to interrupt another teammate [48]. Finally, PC relates
to a shared perception of trust in technology among the group
members. Specifically, higher PC as indicated by DA of EDA
and WC of HF bands of IBI related to higher similarity in trust
in technology rating. These results support the notion that trust
can be an important factor in identifying or establishing common ground among team members. It is possible that a person’s
trust in technology could influence another co-user’s trust in
technology, and efforts to establish common ground.
APPENDIX
Trust in technology rating scale [29]. The participants rated
each item on a scale from 1 (disagree) to 7 (agree).
1) The system is deceptive.
2) The system behaves in an underhanded manner.
3) I am suspicious of the system’s intent, action, or outputs.
4) I am wary of the system.
5) The system’s actions will have a harmful or injurious
outcome.
6) I am confident in the system.
7) The system provides security.
8) The system has integrity.
9) The system is dependable.
10) The system is reliable.
11) I can trust the system.
12) I am familiar with the system.
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