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Abstract—The primary purpose of this article is to determine the
impact of a simulated agent’s transparency on human performance
and related variables, such as response time, workload, and trust
calibration. The agent supports participants as they complete a
base defense task by managing a team of heterogeneous unmanned
vehicles and serves as a decision aid to the human. Three conditions
of transparency are explored. In condition 1, the agent displays
only the basic information (map of vehicle location and proposed
routes). In condition 2, the agent displays the basic information and
an explanation of its reasoning. In condition 3, the agent displays
the basic information, reasoning, and uncertainties involved in the
plans. Results show that participants exhibit better performance
and trust calibration in the high-transparency conditions without
perceiving a significant increase in workload. However, response
time also increased, likely due to the additional processing time
needed for conditions with more information. Overall, our findings
indicate that the increased agent transparency can improve human-
agent decision making and performance, but with a small cost of
the efficiency (timeliness) of task completion.

Index Terms—Human-agent team, human-machine system,
performance, response time, trust, workload.

1. INTRODUCTION

HE emergence of advanced technological capabilities has
T allowed humans to team with machines in a variety of
contexts and with increasingly complex demands. In both civil-
ian and military workplaces, it is increasingly common to see
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machines perceive, analyze, and act upon the world in roles
of decision aids and assistants. These machines have become
known as “agents” [1]. More recently, research has shifted
to focus on creating collaborative operations in human-agent
teams, where agents operate as teammates rather than tools
[39]. In a military context, this may include the refinement of
mission command to include information and planning systems
that are capable of engaging in mixed-initiative decision making,
or flexible collaboration that evolves with the task [2]. Efforts
by the National Science Foundation and other entities suggest
that such refinement is also needed in other domains (e.g., [3]).

To that end, the purpose of this article is to discuss the
design, implementation, and results of a research study with
a simulated agent that aided humans in completing a military
command and control task by managing unmanned vehicles
(UxVs). We specifically examined the impact of the agent on
human performance, workload, response time, and trust. We
devote the next section of the article to an exploration of the
theoretical underpinnings of the research completed, then detail
the research study, our findings, and their implications. Finally,
we discuss steps to be taken for future research.

II. AGENT TRANSPARENCY AND HUMAN PERFORMANCE

Over the past 50 years, research has shown that a multitude
of variables influences the human-agent team performance [4].
These variables continue to change and evolve with the state of
the science in human—agent interaction. For example, advance-
ments in machine automation and capability led some to realize
that the transparency of an agent’s conceptual processes may
benefit such interaction by facilitating human acceptance, trust,
and other relational factors (e.g., [5], [6]). Indeed, given the
technological capability of machines today, transparency may
not be just beneficial—but crucial—to successful human-agent
interaction. Researchers across many fields have come to a
shared consensus, with solutions to the complex problem of
agent transparency growing to include new paradigms, such as
situation awareness-based transparency (SAT; [7]) and explain-
able artificial intelligence (XAI; [8]).

A. Theoretical Approach

In human—agent interaction, the transparency may be defined
in relation to information sharing or the clarity of conceptual and
abstract constructs for human understanding [7]. Building from
this, researchers have operationalized transparency as an agent
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Fig. 1. SAT model, adapted from Chen et al. [6].

sharing information to support human understanding, including
its contextual awareness and decision-making processes [10].

The relevance of transparency to human—agent interaction lies
in its ability to improve the interaction itself. The benefit can be
found not only in changing human attitudes in the interaction but
also in improving the human-agent team’s overall performance.
Chen et al. [7] previously argued that the performance improve-
ment in this way is tied to the agent’s ability to facilitate SA in
the human teammate—which would then lead to better decision
making by the human (and better outcomes by the team). SA,
or the perception of elements in a specific time and place [11],
[12], can be parsed into three levels: perception of the current
situation, comprehension of the situation, and projection as it
relates to the perceiver and situation in the future [13].

To maximize SA in human—agent interaction, Chen et al.
proposed the SA-based agent transparency (SAT) model (see
Fig. 1, [6], [7]). Similar to Endsley’s (1995) model of SA
[13], SAT evolves according to the agent’s communication of
its perception (L1), comprehension (L2), and projection (L3)
of future events. At the same time, SAT attempts to account
for an agent’s beliefs, desires, and intentions [14], as well as
its purpose, process, and performance [15]. Furthermore, its
communication of projection reaches beyond “what will happen
next?” to the inclusion of uncertainty, a construct implicit to
human decision making [16].

Human decision making in conditions of uncertainty includes
the distinct feature that an action’s consequences may be un-
known, or at least not known with certainty [17]. More and more,
such decisions are being made in the context of human—machine
interaction, sometimes with a machine attempting to allay un-
certainty by providing advice relevant to the decision-making
process.

However, attempting to alleviate uncertainty in this way has
some caveats, including a human overreliance on the machine
when they trust or agree with its information [18]. In contrast,
the implementation of the SAT model to shape the agent be-
havior can utilize uncertainty in a different way—specifically
by making the human aware of the machine’s own uncertainty
or perceptions of uncertainty in the task environment. This may
lead to a more accurate understanding of information that the

Reasoning process
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human should consider, as well as encourage the human to
maintain control in decision making [41].

B. SAT and the Calibration of Trust

Prevention of human overreliance on their machine counter-
parts has been a concern since automation was mainstreamed
into society. With the increase of intelligence in machines (i.e.,
the ability to perceive and rationally act on the world [1], [42]),
this concern has only grown. But how can appropriate reliance
[18] in machines be fostered such that humans rely on the
machine when it is helpful but not rely on it when it is wrong
or otherwise unable to help? Some scholars suggest the key
lies in trust calibration. For example, previous trust frameworks
have suggested an operator’s appropriate reliance on the agent
can be called calibrated trust [19], [20] or appropriate learned
trust [21]. However, any method to measure this phenomenon
would be naturally complex—it must take into account a hu-
man’s attitude toward the agent as well as the human’s decision
making itself. Yet decisions made by humans are not always
as affected by agent teammates. Nevertheless, an exploration of
trust calibration in relation to performance may offer insights
into the human decision-making process in human-agent teams.

III. PRIOR WORK

Multiple efforts have been pursued to determine the utility
of the SAT model for improving human performance when
interacting with assistive agents in an UxV management task.
UxV management has evolved with a goal of allowing humans to
supervise or control multiple UxVs [22]. However, controlling a
team of multiple UxVs places additional physical and cognitive
workload on the human, which may make it difficult to maintain
SA, limiting mission success. In order for agents to alleviate
this strain on humans, they must not only be able to track UxVs
but also facilitate decision making in their human supervisors
through effective information sharing and advising. To that end,
a project funded by the Department of Defense’s Autonomy
Research Pilot Initiative (Intelligent Multi-UxV Planner with
Adaptive Collaborative/Control Technologies—IMPACT; [23])
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TABLE I
OPERATIONAL DEFINITIONS OF HUMAN DECISIONS (LABELED “HUMAN
CHOICE” RELATING TO AGENT RECOMMENDATIONS (LABELED
“AGENT CHOICE”)

Correct  Agent Human Usage SDT
Plan Choice Choice g Code
A A A Proper it

Use

Correct Correct
B A B Reject Reject
A A B Disuse Miss

. False

B A A Misuse Alarm

SDT = Signal detection theory.

explored several considerations for improving performance in
UxV management, including information design in the agent.

As a part of this effort, [24] explored the utility of the SAT
model for designing an agent that assists human decision making
in a heterogeneous multi-UxV management task in which par-
ticipants had to determine courses of actions or “plays” [25] for
UxVs to pursue in order to meet mission goals. In this context,
a “play” is a plan to coordinate specific UxVs to complete a
task. For example, a human operator may choose to send three
UxVs—one aerial, one surface, and one ground—to complete a
patrol in the area of concern.

To support this effort, Mercado et al. [24] designed a simulated
agent that assisted with decision making in a play-calling task by
giving a recommendation and explaining its recommendation by
sharing relevant information at the levels specified in the SAT
model. Their primary goal was to measure whether the agent
adding information according to the SAT model improved the
human’s decision-making performance.

To further contextualize the performance outcomes, Mercado
et al. [24] additionally created a measure of trust calibration in
which the signal detection theory (SDT) is applied to partici-
pants’ decision making in the study. Like the traditional SDT,
which measures a human’s ability to differentiate between or
identify stimuli depending on its salience [26], Mercado and
his colleagues measured participants’ sensitivity to the agent’s
accuracy in its decision recommendations. This evidence of
participants’ responses to the recommendations (signals) served
as a measurement of trust calibration [27]. Specifically, Table I
lists how codifying the simple act of choosing between two
plans can give the partial evidence of trust calibration in this
way. In particular, choices tracked in this way can be used
to create a measure of perceptual sensitivity representing the
human’s choice relative to the signal (agent’s recommendation).
Through the examination of this phenomenon, Mercado and his
colleagues found that the inclusion of projection information
(Level 3) significantly increased perceptual sensitivity compared
with the basic Level 1 information.

Through an experimental study with the simulated agent,
Mercado and his colleagues established that, compared with
a baseline agent that provided only Level 1 (L1) information,
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Fig. 2. Simulated agent interface for condition 1, containing Level 1 + 2
information [26].

an explanation of the agent’s reasoning (Level 2 or L2) led
to improved performance on the task. An additional display
of future projections (Level 3 or L3)—including the agent’s
uncertainties regarding those projections—Iled to an increase in
the human’s ability to determine when the agent’s suggested
plan was incorrect. However, because the implementation of
Level 3 information conflated both projection and uncertainty,
they were unable to delineate which improvements were due to
the projection information versus the uncertainty information.

Results showed no main effects of transparency on response
time or workload, though individual differences did play arole in
response time. Many factors could have affected these outcomes,
including the nature of the task, as well as the design of the
agent interface. The question remains whether such findings are
generalizable to other interfaces or domains.

IV. CURRENT STUDY

To determine whether the results by Mercado et al. [24]
could be replicated with a new interface and specified at a more
granular level with respect to Level 3 and the role of uncertainty,
we chose to develop and test a simulated agent embedded in
a similar UxV-management task. Specifically, we sought to
understand if performance improves more with the addition of
complete Level 3 information (projection and uncertainty) than
with only partial Level 3 information (projection information on
its own). Additionally, we sought to link general performance
(correct and incorrect decisions) to trust calibration (appropriate
agreement with agent) and self-reported trust. Finally, we sought
to determine if Mercado and his colleagues’ prior findings would
generalize to the newly developed interface.

We developed three versions of the interface for the simu-
lated agent—each differing by the amount of information being
shared with the human. Using the SAT model as the guiding
framework, the interface conditions included: L.1+4-2 (agent state
+ reasoning), L1+2+3 (agent state + reasoning + projection
without uncertainty), and L14-2+34-U (agent state + reasoning
+ projection + uncertainty). Figs. 2—4 show each interface, re-
spectively. As can be seen, the interface grows increasingly com-
plex with each condition, raising a concern that the processing
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Fig. 4. Simulated agent interface for condition 3, containing Level 1 4+ 2 + 3
+ U information [26].

time and cognitive load may increase. A thorough discussion of
the components of the interface, and results of usability-focused
tests, has been published [28].

Transparency was manifested through alterations of three
key tiles in the display, which participants were trained on
how to read: plan maps, “projected plan success” graph, and
“plan specifications” text. This allowed us to communicate the
same information in multiple scalable ways, both graphically
and in text. For example, uncertainty information was pro-
vided on the map by making vehicles, which the agent had
uncertain information on less opaque. It was displayed in the
“projected plan success” tile by making the circles represent-
ing each plan unfilled (meaning no color inside the circle).
Finally, it was displayed in the “plan specifications” text as the
orange text written separately from the primary text provided for
reasoning.

For the purpose of this study, the simulated agent (via the
interfaces above) rank-ordered the plans so that the plan with the
highest rank was always recommended as “Plan A.” The agent
only gave the correct recommendation in five out of every eight
scenarios. Thus, we were able to detect cases in which partici-
pants may have agreed with the agent when they should not, or
vice versa, thus, allowing for the ability to analyze performance
and trust calibration according to the process operationalized in
Table 1. Next, we discuss the implementation of the study and
the resulting findings.

IEEE TRANSACTIONS ON HUMAN-MACHINE SYSTEMS, VOL. 50, NO. 3, JUNE 2020

V. METHOD

A. Study Design

We designed and implemented a repeated measures study
design with transparency being the only independent variable
of interest. Transparency was manipulated at three levels: L1+42
(condition 1), L142+3 (condition 2), and L1+2+34U (condi-
tion 3). Although all participants received all three conditions,
the order in which they received those conditions was scheduled
using a Latin Square design to avoid order effects.

B. Hypotheses

We sought to find the support for the following hypotheses,
in line with Mercado et al. [24].

1) H1: There will be the main effect of transparency condition
on performance.

2) H2: There will be no main effect of transparency condition
on response time.

3) H3: There will be no main effect of transparency condition
on self-reported workload.

4) H4: There will be a main effect of transparency condition
on calibrated trust.

5) H5: There will be a main effect of transparency on self-
reported trust, specifically when controlling for preinter-
action bias toward machines.

C. Farticipants

We recruited students from a major university in the United
States. Students were paid $15/h to participate. Data from a total
of 53 participants between the ages of 18 and 36 (M = 21.7,
SD = 3.64) were analyzed for this study. A total of 29 partici-
pants identified as men, 23 as women, and 1 as “other.”

D. Materials

Study materials were integrated into a single testbed, which
consisted of: 1) a simulated agent with the interface being manip-
ulated according to the study design; and 2) a battery of surveys
and tests to pursue our primary research questions of interest,
as well as some exploratory questions. A full technical report
on the study development, challenges, primary analyses, and
exploratory analyses will be available on the Defense Technical
Information Center (see [29]).

1) Simulated Agent Interface: As discussed above, we uti-
lized a simulated agent modeled after Air Force Research Lab-
oratory’s Fusion testbed [43] for this experiment (see Fig. 2 for
our version). The interface was altered for each condition of the
experiment.

2) Surveys and Tests: The primary variables tracked in this
study included performance, response time, workload, and trust.
Performance was measured by the participant selection of the
correct (i.e., more optimal) or incorrect (less optimal) play
offered by the simulated agent. Response time was analyzed in
milliseconds and reflected the time it took to select and submit a
play for the experimental scenarios. Self-reported workload was
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measured via the NASA-TLX questionnaire, which is reported
to have a test-retest correlation of 0.83 [30].

Trust was measured objectively as trust calibration through
the adaptation of the SDT to the participants’ choices. This
adaptation is modeled off of methods used in prior work by
Mercado et al. [24]. Specifically, a measure of perceptual sen-
sitivity, d’', was created to represent the appropriate use of the
agent’s decision recommendation, according to Table I.

Trust was also measured subjectively using a part of an
integrated survey developed by Mercado et al. [24]. Specifi-
cally, the survey featured a combination of new items as well
as existing items from a previously validated trust measures
[31] and was broken down according to the four dimensions
of automated functions [32]. These dimensions include infor-
mation acquisition, information analysis, decision and action
selection, and action implementation. Although we collected
information across the same four dimensions as Mercado and his
colleagues, we focused on—and analyzed—the findings related
to only two dimensions: integrating/displaying information and
suggesting decisions. We determined these dimensions ad hoc
(after completing the display design but before commencing the
study) because of their relevance to the display we created, which
was focused on combining and displaying information as a part
of decision suggestion.

To account for extraneous variation in trust toward the agent,
internal biases that might impact the development of trust were
recorded via an implicit association test [33]. The Implicit
Association Test was originally developed to operationalize
humans’ automatic association between constructs and stimuli
(for example, crime and race/ethnicity) and has been adapted for
use in a wide variety of domains. We used a version formulated
to detect biases against machines. For example, our version had
participants react to words such as “machine” and “automation”
in comparison with words such as “human” and “person.”

Performance and response time were recorded automatically
in the study testbed, while the Implicit Association Test, trust,
and workload surveys were each given via the DUJO skill
assessment software [34] before training and after completion
of the study. Trust calibration was calculated based on the
automatically recorded decisions throughout the study.

E. Procedure

Participants received up to 45min of training through a
self-paced, narrated PowerPoint presentation, which included
embedded knowledge checks. The training familiarized par-
ticipants with the task they were to complete, as well as the
interfaces they would interact with to complete the task. The
purpose of completing the training was to minimize the ef-
fects of a learning curve on the study design and experimental
conditions. Thus, the training concluded with eight evaluation
missions to test participant’s ability to apply the knowledge to
the task. Participants completed knowledge checks throughout
the training presentation and prior to the evaluation missions.
Participants who were not able to provide correct responses
were given the remedial/repeated presentation of the materi-
als they misunderstood. If they were still unable to correctly

"
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Transparency Condition

Fig. 5. Mean percentage of correct responses per condition. Error bars repre-
sent standard error of the mean.

respond to knowledge checks after two attempts, they were
paid and dismissed. Upon the successful completion of training,
participants were subjected to the experimental manipulation in
which they were randomly assigned to complete three blocks of
eight scenarios or missions (where each block was a different
condition of the interface). Within each condition, the agent
suggested correct courses of action five times, and incorrect
courses three times.

VI. ANALYSIS AND RESULTS

The data were analyzed using IBM SPSS version 24 and Mi-
crosoft Excel. Multiple repeated measures analysis of variance
(ANOVA) and multivariate ANOVA (MANOVA) were com-
pleted to detect differences between conditions. A Bonferroni
correction was applied to all pairwise comparisons explored
in the analyses. Means and standard deviations are reported to
demonstrate the degree of difference between conditions, where
significant.

A. Performance

We first completed a repeated measures ANOVA on the per-
centage of correct responses given per condition. Results showed
a significant main effect of transparency, F(2, 104) = 10.31,p <
0.001, > = 0.096. Pairwise comparisons showed a significant
difference (p < 0.05) between conditions 1 (M = 0.62, SD =
0.2) and 2 (M = 0.70, SD = 0.14). A significant difference (p <
0.001) was also found between conditions 1 and 3 (M = 0.76,
SD = 0.17; and see Fig. 5).

In order to delineate performance specific to participants’ abil-
ity to detect correct recommendations (hits) or detect incorrect
recommendations (correct rejections), we completed a repeated
measures MANOVA on hits and correct rejections. Results
showed a significant main multivariate effect of transparency,
Wilk’s Lambda = 0.80, F(4, 206) = 6.05, p < 0.001. There
was a significant main univariate effect of transparency on hits,
F(2,104) = 10.663, p < 0.001, 772 = 0.093, but not on correct
rejections. Pairwise comparisons (see Fig. 6) for hits indicated
a significant difference (p < 0.01) between conditions 1 (M =
0.59, SD = 0.23) and 2 (M = 0.72, SD = 0.21), as well as a
significant difference (p < 0.001) between conditions 1 and 3
(M =0.75, SD = 0.19). Pairwise comparisons for correct rejec-
tions showed no significant differences. This suggests increased
SAT improved participants’ abilities to identify when the agent
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Fig. 7. Response time for all three transparency levels. Lower numbers indi-
cate better response time; error bars represent standard error of the mean.

was making a correct recommendation, but not necessarily iden-
tify when the agent was making an incorrect recommendation.

B. Response Time

We completed a repeated measures ANOVA on the response
time per condition. Results showed a significant main effect of
transparency, F(2, 104) =4.37, p = 0.015, 772 = 0.02. Pairwise
comparisons showed a significant difference (p < 0.05) between
conditions 1 (M = 33.65 s, SD = 19.68 s) and 3 (M = 39.47 s,
SD = 16.6 s; and see Fig. 7). Although the addition of both basic
projection and uncertainty information resulted in a significantly
increased response time for participants, this difference in time
was a total of about 6 s. A much smaller increase in time was
noted for the addition of basic projection information alone
(condition 2, M = 35.68 s, SD = 16.23 s). The increase in time
between conditions 2 and 3 was similarly minute in nature.

C. Self-Reported Workload

We first completed a repeated measures ANOVA on the total
NASA-TLX score for each block. Results showed no significant
effect of transparency on workload, F(2,104) =0.858, p =0.427,
and 7> = 0.003, suggesting that the additional information did
not increase participant workload during decision making.

As an exploratory measure to gain a greater understanding of
transparency’s effect on the individual indices of workload, we
completed a repeated measures MANOVA on the 6 NASA-TLX
subscales, mental demand, physical demand, temporal demand,
performance, effort, and frustration. Sphericity was violated for
the “frustration” subscale resulting in the use of the Huynh—
Feldt correction on this subscale. Test of within-subject effects

IEEE TRANSACTIONS ON HUMAN-MACHINE SYSTEMS, VOL. 50, NO. 3, JUNE 2020

Percentage Correct
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Transparency Condition

Fig. 8. Calibrated trust as calculated using d’ across conditions. Error bars
represent standard error of the mean.

indicated no significant multivariate effect and no significant
univariate effects.

D. Trust Calibration

We completed a repeated measures ANOVA on our calcula-
tion of d’ according to the methods detailed above. Results from
a Kolmogorov-Smirnov test indicated a violation of normality.
However, the visual inspection of the PP plot suggested the
data were acceptable, so we proceeded with the analysis. Results
showed a significant main effect of transparency, F(2, 104) =
9.018, p < 0.001, 7° = 0.095. Pairwise comparisons (see Fig. 8)
showed a significant difference (p < 0.01) between conditions 1
and 3 (M = 1.14, SD = 0.69). However, there was no significant
difference between conditions 1 and 2, or between conditions 2
and 3.

E. Self-Reported Trust

In addition to exploring the objective measure of trust cali-
bration, we set out to determine the effect of transparency on
self-reported trust—specifically as it relates to biases relevant to
the interaction. To do this, we completed a repeated measures
multivariate analysis of covariance on participants’ responses
to the integrating/displaying and suggesting actions indices of
our trust survey, while controlling for responses to the Implicit
Association Test.

Results showed a significant main multivariate effect of trans-
parency, Wilk’s Lambda = 0.80, F(2,48) =2.63, p < 0.05. There
was no interaction effect between the transparency and Implicit
Association Test. Tests of within subject effects indicated a
significant main effect of transparency on trust in integrat-
ing/displaying information, F(2, 102) = 3.48, p < 0.04, ° =
0.02. Pairwise comparisons were completed and no significant
differences were found among pairs (see Fig. 9).

Tests of within subject effects also indicated a significant
main effect of transparency on trust in suggesting decisions,
F(2, 102) = 4, p < 0.03, 772 = 0.02. Pairwise comparisons
were completed and a significant difference (p < 0.05) between
conditions 1 (M = 71.96, SD = 14.3) and 2 (M = 75.52, SD
= 13.59) was detected. The addition of uncertainty information
(condition 3) resulted in a higher level of self-reported trust
in suggesting decisions than condition 1, but a lower level of
self-reported trust in suggesting decisions than condition 2 (see
Fig. 9). However, there was no significant difference or notable
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Fig. 9. Trust in integrating and displaying information, as well as suggesting
decisions, for all three transparency levels. Error bars represent standard error
of the mean.

effect size separating condition 3 from the other two conditions,
meaning that the addition of uncertainty information on its own
is not statistically supported for impacting self-reported trust.

VII. DISCUSSION

The aim of this study was to examine how a human oper-
ator, possessing ultimate decision authority, will perform in a
mixed-initiative task [35] in which s/he is aided by an agent.
Fundamental to this examination was the acknowledgment that:
1) the agent may perform less than perfectly depending on
its environment and context; and 2) the human operator may
not understand and account for the agent’s inherent limitations
in its perception, reasoning, and projection. Operationally, the
combination of these two presuppositions has been found to
result in disuse or overreliance in the automation [ 18]. Therefore,
to avoid these undesirable effects, human reliance on the agent
must be appropriately calibrated to the capabilities of the agent.

Prior research has suggested that the demonstration of agent
transparency or observability [20] can provide the means for
appropriate trust and reliance in automation. This, in turn, can
allay one of the most common challenges to human interactions
with agents—specifically agent’s capability of communicating
to the human and its situation perception, reasoning, and pro-
jections [36], as proposed in the SAT model [7]. As discussed
in Section IV, the study detailed, herein, evaluated the three
conditions of transparency according to this model. That is, the
agent communicating information at the following levels: L1+4-2
(agent state + reasoning); L14-24-3 (agent state + reasoning
+ projection without uncertainty); L1+2+3+U (agent state +
reasoning + projection + uncertainty).

The results of this article uphold prior findings by Mercado
et al. [24] showing that both human performance and trust
calibration improve with the inclusion of greater transparency
and that no detriment to workload is imposed. However, a key
difference appeared in the impact of transparency on response
time. Whereas Mercado and his colleagues found no effect of
transparency on the response time, we found that participant’s
response time increased when exposed to uncertainty informa-
tion. This difference in finding may be due to the inclusion of
uncertainty in its own condition, or due to differences in the
interface design itself. Uncertainty information was not linked
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to the reliability of the agent (meaning reliability was consistent
across displays of information with/without uncertainty), so any
design-related impacts are likely caused by characteristics, such
as the use of text information or the sheer amount of information
being presented in conditions with increased transparency.

A. Key Takeaways

Concerning the present study independently, the evaluation of
each level of transparency described in our study could suggest
the application and adoption of transparency enabling displays
that share SAT information for human-agent teaming. Moreover,
utilizing the construct of the SAT model, these principles can be
applied systematically through the explicit representation of the
following:

1) perceptual field of interest;

2) weighting and evaluation of the multiobjective space; and

3) comparison of projected outcomes (including those with

high contextual uncertainty).

These attributes or challenges map to the specific SAT Levels
1-3 and the conditions that were evaluated in this study. Broadly,
the purpose of this study was to explore which levels of trans-
parency enabled appropriate calibration of trust, performance,
and workload.

The first criterion is that adding to the level of transparency
should improve human trust calibration relating to the agent’s
recommendations [24]. Results, herein, showed that the trust
calibration was increased from condition 1 to 2 and 1 to 3, but not
2 to 3. Specifically, when the agent revealed its vulnerabilities in
reasoning, projection, and uncertainty, operators demonstrated
higher sensitivity and better decision making, accepting the
agent’s recommendation when it was correct, and correctly
rejecting the agent’s recommendation when it was wrong. This
improvement in decision making suggests that operators re-
ceiving adequate transparency information are more likely to
engage in appropriate reliance [18]. Interestingly, we found that
the self-reported trust in the agent’s ability to suggest decisions
did not increase continuously with transparency but tapered off
in the most transparent condition (condition 3, which included
uncertainty information). Trust in the agent was highest in the
L1+243 condition (without uncertainty). However, it is unclear
how this finding relates to trust calibration.

The second criterion is that such trust calibration should result
in improved human-agent collaboration and problem solving. In
other words, additional transparency should lead to the improve-
ment of the overall performance of the human in the completion
of tasks (e.g., correctness in choosing an action). As reported,
we found that an increase in the level of transparency from
SAT Level 1 to Level 2 and Level 1 to Level 3 resulted in a
significantly higher rate of correct responses. Yet performance
is multidimensional—especially in a mixed-initiative task such
as UxV management—in this domain, decisions must be made
accurately and in a timely fashion. It is not surprising, then, that
our results showed an increase in decision-making time in the
most transparent condition 3 of our evaluation—on average, an
increase of 6 s. Yet no significant increase in decision-making
time was found from condition 1 to 2. Thus, it is possible that
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the effect of increased transparency on the timeliness of decision
making is largely due to either the amount of information pre-
sented or the type of information presented. In our case, condi-
tion 3 represented both an increase in information presented and
an addition of a new type of information (uncertainty). Future
research can determine which of these is more likely to affect
the decision-making time in mixed-initiative tasks.

The final criterion is that an increase in transparency should
not be so overbearing as to increase workload. As one can
infer from our reported increase in timeliness to decide, trans-
parency may come at a cost. However, there was no significant
self-reported increase in workload as transparency level was in-
creased. This suggests that the quality of information presented
according to the SAT model actually aids in human decision
making and cognitive processing to a degree that does not further
tasks the human beyond the workload already imposed by the
task.

B. Limitations

Despite the significant findings indicated in our study, our
effect sizes remained small. To understand why, it is once again
helpful to consider prior findings by Mercado and his colleagues,
which showed that transparency gives a remarkable increase in
performance over baseline (in which baseline contains only L1
information). In this article, we did not include this baseline
condition, and instead looked at only the effects of information
from L1+42 onward. As can be seen in the results, the differences
between conditions grew smaller with each additional level of
transparency, with the final condition, L1+4-2+3+U, offering the
smallest change in human performance and related variables.

Therefore, it is important to consider our findings as they
both might relate to baseline transparency (L1) as well as
control (no transparency). For example, how much of an effect
would be detected between no information and L1 information
(and so on)?

C. Future Work

Machines have transcended elementary purposes of perform-
ing repetitive processes and repeatable actions for increased
efficiency and reliability. Today’s emergent use of agents serves
to offer cognitive aid to humans who are restricted to the bound-
aries of their cognition and computational capabilities. Such
challenging contexts are characterized by problem spaces with
the high dimensionality of elements and their interactions. These
contexts are often temporally constrained and have weighty
aspects of risk (e.g., loss of human life). Thus, in future complex
dynamic environments, human operators will increasingly rely
on agents to help in decision making and the execution of
collaborative action.

Therefore, designers of today’s agents must reject technology-
centered innovations that parse and encapsulate human functions
from those of the machine. Humans aided by agents to perform
increasingly cognitive work require an embrace of the perspec-
tive that what is being created is a new joint cognitive system
[37], [38]. Such a perspective treats agents as teammates [39].
In such a system, humans may develop attitudes (e.g., trust) and

IEEE TRANSACTIONS ON HUMAN-MACHINE SYSTEMS, VOL. 50, NO. 3, JUNE 2020

behaviors (e.g., interaction) that is appropriate to the capabilities
of the agent, resulting in a truly flexible collaboration [2].

In particular, future work should be completed to further
understand the role of information sharing between humans and
their agent teammates in improving human-agent performance.
This includes first the delineation of the quantity of information
with the type of information. Next, we must apply our knowledge
of SAT and information sharing to a two-way human-agent
teaming task, wherein the agent is given the opportunity to learn
from the human [40]. Finally, we must examine the applicability
of SAT to domains not yet studied.
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