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Abstract

Objective: This study explored whether and which cognitive abilities are supported by various
levels of automation.

Background: Parasuraman’s (2000) model of automation provided guidance for designing
automation to augment cognitive tasks. Subsequent mixed empirical findings and evolving un-
derstanding of attention control in complex tasks suggested an evaluation of how automation
supports cognition within a task was needed.

Method: Participants completed cognitive ability tests then a targeting task either manually or
with information automation or decision automation.

Results: Decision automation supported working memory only when reliable, while attention
control predicted performance regardless of automation level.

Conclusion: Results suggest automation can support specific processes like working memory,
while attention control demands may persist across automation levels. However, because the
task involved a relatively constrained form of automation, future research should examine
whether these effects hold with more flexible, adaptive systems.

Application: Automation should target specific cognitive functions while recognizing that
attention control demands may persist. Future research might investigate how other automation
designs can better support this foundational ability.
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Introduction

The primary purpose of automation is to al-
leviate operator workload and improve task
performance, though this relationship is
highly context-dependent, varying based on
task characteristics, automation design, and
operational environment (Jamieson &
Skraaning, 2018). It may also depend on in-
dividual differences in cognition (e.g., Pak
et al., 2017; Pak et al., 2024; Parasuraman
et al., 2000). In the current study, we include
the measurement of individual differences
with an experimental approach to examine
how individual variation in cognitive abilities
might relate to  automation-assisted
performance.

When physical tasks are automated, it is
relatively clear what work the automation
supports. For example, a mechanical tractor
replaces the movement of a hand-held scythe.
However, when automation supports cogni-
tive work (i.e., tasks with attention, memory,
or decision-making components) it becomes
less clear which cognitive process the auto-
mation supports. Indeed, in many cases au-
tomation claims to aid a cognitive process that
it may not support (McLaughlin & Byrne,
2020). Parasuraman et al. (2000) addressed
this uncertainty by categorizing automation
into four types distinguished by the cognitive
processes they support, ranging from infor-
mation acquisition (perception and attention)
through information analysis (working
memory [WM]) and decision support (deci-
sion making and response selection) to action
implementation.

Within each type, a task can be more or less
automated, referring to its level of automation
(Parasuraman et al., 2000). The combination
of type and level is the degree of automation,
where higher degree automation assumes
more of a task that is cognitive in nature, for
example, by offering potential decisions to the
operator (Onnasch et al., 2014). Parasuraman
et al.’s (2000) framework has provided re-
searchers and practitioners with a more
human-centered model for understanding and
designing automation from a psychological

perspective, rather than one centered on ma-
chine capabilities.

If the precise cognitive ability require-
ments of a task are known (e.g., through task
analysis) and an appropriate level of auto-
mation is introduced that targets that ability
according to Parasuraman et al.’s (2000)
framework, individual differences in that re-
quired ability (e.g., WM) should no longer be
a limiting factor to performance. For example,
navigating to a new destination can be WM-
intensive because the driver must keep route
information temporarily accessible while us-
ing it to make ongoing driving decisions.
Therefore, individuals with higher WM may
outperform those with lower WM. However,
the introduction of a navigation aid that
provides decision automation (e.g., a global
positioning system [GPS]), designed to alle-
viate WM demands, should raise the perfor-
mance of low-WM individuals to or near the
level of high-WM individuals, eliminating the
relationship between WM and performance.

However, the introduction of automation
can have unintended effects on human per-
formance (Bainbridge, 1983) by altering the
nature of the task in unexpected ways
(Endsley & Kaber, 1999; Wright & Kaber,
2005). For example, a GPS may eliminate the
need to hold information for short periods of
time but could also inadvertently increase the
need to switch attention between the road and
device display. The automation may also alter
the task by requiring the human to monitor its
performance and take over control following
failures. Even though high-level decision can
assume some parts of a task, it does not
supplant the operator’s role. The operator’s
responsibilities are altered to be more super-
visory, often requiring vigilant monitoring
and intervention in case of a failure. Such
changes in operator demands and a lack of
focus on those changes in research designs are
evidenced by mixed findings in the literature,
with some research showing a positive rela-
tionship between WM and automation-
assisted performance (e.g., Rovira et al,
2017) and others finding no significant rela-
tionship (Pak et al., 2017). This uncertainty
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may be due to two inter-related factors: dif-
ferent experimental designs, and an incom-
plete understanding of the role of human
cognitive abilities in task performance and
how automation supports those abilities.
While task- and system-specific details also
affect performance with automation (e.g.,
Skraaning & Jamieson, 2021), the present
investigation focused on the role of individual
differences in cognitive abilities on
automation-assisted performance.

Working Memory and
Automation Performance

Working memory has been one of the most
studied cognitive abilities in human factors
(Pak et al., 2024) and also in automation
research with an individual differences focus.
Research has demonstrated a positive rela-
tionship between WM and performance with
automation (de Visser et al., 2010; Rovira
et al., 2017). For example, de Visser et al.
(2010) found that WM predicted performance
in an automated air defense task even with
automation present, suggesting the low-level
automation (alerting) did not fully support
WM demands. However, because that study
only included alerting, participants were still
responsible for integrating information,
comparing alternatives, and choosing actions,
leaving open whether higher-level automation
would better support WM.

To address this limitation in the literature,
Rovira et al. (2017) examined the relationship
between WM and various degrees of auto-
mation (manipulating what and how much is
being automated). In their task, participants
were presented with a terrain display showing
up to six enemy units, up to six friendly units,
three battalion units, and one headquarters
unit. The participant’s task was to identify the
best enemy-friendly pair based on proximity
to each other and headquarters distance. They
received either full distance calculations be-
tween all units (information automation) or a
filtered list of the top three recommended
pairings (decision automation), with 80%

automation reliability. When information
automation was unreliable, the distance cal-
culations were inaccurate. Inaccurate decision
automation suggested pairings which did not
represent the true top three pairing options.
Findings showed that when automation was
reliable, there were no differences in accuracy
between those with higher or lower WM
ability. However, when the automation was
unreliable (i.e., inaccurate), those with higher
WM outperformed those with lower WM.
This finding demonstrated that high-level
automation could support the WM demands
of a task, but only when it was error-free.
Using the same task as Rovira et al. (2017),
Pak et al. (2017) found, in an older adult
sample, that level of automation was unrelated
to individual differences in WM. Some po-
tential reasons for this discrepancy may be
that each study used different age groups
(younger in Rovira et al., versus older in Pak
et al.), and that each study measured WM
differently (spatial memory or complex span).

These mixed findings may reflect two
methodological issues. First, most studies rely
on a single indicator of WM (Conway et al.,
2005; see Pak et al., 2024 for a review), which
is vulnerable to method variance and makes
cross-study comparison difficult given the
variety of measures used (cf., Operation Span
[OSPAN] (Turner & Engle, 1989) and Spatial
WM (Corsi, 1972). Second, introducing
higher levels of automation may alter the
cognitive requirements of the task in unan-
ticipated ways, potentially shifting demands
from memory to attentional processes such as
monitoring (Endsley & Kaber, 1999).

In addition to the above methodological
issues present in the existing research, there
have been recent theoretical findings on the
nature of WM and its role in complex task
performance. Earlier, it was assumed that WM
and reasoning ability, or general fluid intel-
ligence (Gf) were essentially equivalent, with
both being highly predictive of complex task
performance (Kyllonen & Christal, 1990).
However, more recent findings have shown
that WM, Gf, and by extension complex task
performance, may all be influenced by a
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higher-level cognitive construct: attention
control (Burgoyne et al., 2023; Draheim et al.,
2022; Pak et al., 2024).

Attention Control and
Automation-Assisted Performance

Attention control (AC) is a fundamental
cognitive capability that shapes how effec-
tively individuals can regulate their infor-
mation processing to achieve goals (Burgoyne
& Engle, 2020; Burgoyne et al., 2023;
Oberauer, 2024). AC is thought to exert its
effects on the flow of goal-directed thought by
controlling two critical functions: WM that
maintains goal-relevant information in an
active state and Gf that resolves goal conflict
and discards irrelevant information (Shipstead
et al., 2016). Research has revealed that AC
orchestrates the deployment of WM and Gf
(Burgoyne & Engle, 2020; Burgoyne et al.,
2023), and accounts for the close statistical
relationship between them (i.e., WM and Gf
are no longer correlated when variance in AC
is taken into account; Draheim et al., 2021).
Because of this central role, AC serves as the
primary predictor of multitasking perfor-
mance, explaining approximately 75% of
variance in complex multitasking ability
(Burgoyne et al., 2023). This hierarchical
position of AC above other cognitive abilities,
combined with its close relationship to WM
and dominant influence on multitasking per-
formance, raises a critical question: does au-
tomation designed to support WM also
support AC abilities?

Given that automation is often deployed in
complex, multitasking situations, there is
reason to believe that AC plays an important
role in automation-assisted task performance.
It is plausible that the functions controlled by
AC (maintenance of goal-relevant informa-
tion and disengagement from irrelevant in-
formation) should play a major role in how
individuals perform with automation. More
specifically, automation monitoring requires
sustained attention to detect failures or devi-
ations from expected outcomes. Those who

are better able to ignore irrelevant information
(Gf-dependent) and maintain task-relevant
details (WM-dependent) should be better
able to detect failures if they have a high
capacity to flexibly switch between those two
functions (AC-dependent). Those who find
this task challenging may struggle to detect
failures, leading to an inaccurate perception of
performance and subsequent over trust in the
automation. In the event of a failure, indi-
viduals must be ready to disengage from the
automation’s output and resume the task
manually, a process that draws directly on
AC’s dual functions of disengagement and
goal maintenance.

Overview of the Current Study

Parasuraman et al.’s (2000) model for the
types of automation provided an initial
framework for determining which system
functions should be automated and to what
extent, with the resulting consequences for
human performance serving as an important
basis for evaluating automation design (Pak
et al., 2017; Parasuraman et al., 2012, 2014;
Rovira et al., 2007, 2017). However, meth-
odological limitations (i.e., disparate use of
WM measures, using single indicators instead
of latent factors) may be partially responsible
for disparate findings. Using the same
automation-assisted decision task as prior
studies (Pak et al., 2017; Rovira et al., 2007,
2017), the current study addresses some of the
methodological limitations surrounding the
measurement of WM by using two complex
span tasks that better measure its inherent
storage and processing nature (La Pointe &
Engle, 1990).

As part of our broader investigation, we
also explored how variations in Gf and AC
may relate to automation-assisted perfor-
mance. While prior research had shown a
strong relationship between WM and Gf (e.g.,
Kyllonen & Christal, 1990), more recent
research (Draheim et al., 2021) has shown that
this relationship is fully mediated by AC.
However, current automation research ex-
amining individual differences largely
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centered on WM (e.g., Rovira et al., 2017,
Figure 1(B)). This narrow focus on WM
overlooked potential interactions with other
related abilities. Given the established inter-
play between AC, WM, and Gf (i.e., Draheim
et al., 2021), a more comprehensive approach
necessitates exploring how these additional
cognitive  abilities  collectively — impact
automation-assisted performance.

In general, consistent with Parasuraman
et al.’s (2000) model, we expected that indi-
vidual differences in WM would only be re-
lated to performance with unreliable
automation (Rovira et al., 2017). Conversely,
we expected that reliable high-level automa-
tion would support working memory demands
for those with lower capabilities, thus elimi-
nating any significant relationship between
working memory and performance. However,
given the importance of AC for complex task
performance, our second exploratory goal was
to examine the extent to which existing au-
tomation accommodated AC demands. In the
context of this paper, “existing automation”
refers to conventional systems that support
predefined stages of task performance, for
example by presenting processed information
or decision recommendations. Given AC’s
role in modulating both WM and Gf and its
demonstrated importance in multitasking
(Burgoyne et al., 2023), we tentatively

expected that AC would predict performance
and that this relationship might not be fully
accommodated by existing automation de-
signs developed primarily to support WM.

Method
Design

The study employed a between-participants
design with three experimental conditions
varying in automation level: manual control
(no automation), Information Automation
(IA), and Decision Automation (DA). In both
automation conditions (IA and DA), system
reliability was set at 80% after the first
10 trials, meaning that automated suggestions
were accurate in 80% of trials and inaccurate
in 20% of trials. Participants were randomly
assigned to one of the three conditions.
Working Memory, Gf, and AC were treated as
continuous predictor variables. Each factor
was computed as a composite score by av-
eraging standardized (z-score) performance
across the multiple cognitive ability tests
measuring that construct. Working memory
was derived from two complex span tests
(short OSPAN, symmetry span; Foster et al.,
2015; Unsworth et al., 2009), while AC
combined three attention control tests
(Burgoyne et al., 2023). Fluid intelligence

BEFORE YOU BEGIN, please bookmark this page so you can

Please click on a task below to start. Once you
finish a task, the next one will be availble (refresh

come back later. This is the only way you will be able to complete
the study.

This page is unique to you and should not be shared.

This experiment involves completing several tasks, each on a
different web site. The buttons on the right take you to each task.

You should try to finish all of the tasks on this page in about a day,

but when you start a task, you should finish it in one sitting.

As you finish each task, you will be instructed to close your
browser. You will be able to return to the dashboard by using your
bookmark.

When all tasks are finished, the experimenter will be notified and
you should receive your credit within 24 hours of completion.

this page).

Figure |. Experimental dashboard (with task duration estimates)
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combined performance on Raven’s Progres-
sive Matrices (Kane et al., 2004; Raven &
Court, 1998) and Number Series (Thurstone,
1938; Unsworth et al., 2009) tests.

Participants

An a priori power analysis was conducted
assuming 80% power and a small-to-moderate
effect size (Cohen’s f = 0.20). Under these
assumptions, the required sample size was
102 participants (Faul et al., 2007). A con-
venience sample of 318 college students
ranging in age from 18 to 32 were recruited
and received partial course credit. Because the
study was administered online, data were
screened for inattentive responders and
technical errors. Ninety-one participants were
excluded from analysis because they scored
below chance or provided no data on at least
one cognitive ability test (described below), a
rate consistent with previous studies using
these online measures (Burgoyne et al., 2023,
2024; Draheim et al., 2021; Mashburn et al.,
2024). Twenty-four additional participants
were excluded due to performance below 10%
on the experimental task. The final sample
consisted of 203 individuals (151 females,
Moo = 18.9, SD = 2.6). This research com-
plied with the American Psychological As-
sociation Code of Ethics and was approved by
the Institutional Review Board at Clemson
University. Informed consent was obtained
from each participant.

Task and Procedure

After providing consent, participants accessed
a web dashboard with links to each of the
cognitive ability tests and the experimental
task (Figure 1). Since the dashboard link was
unique and persistent to each participant, they
could complete the study at their own pace
(e.g., finish one task, take a break, and begin
the next task). Completing all tests and the
experimental task took about 60 to 80 min.

Cognitive Ability Tests. Participants completed a
battery of cognitive ability tests: Three

conflict squared tasks (shown as “conflict
task” in Figure 1), which are Stroop-like tests
of attention control (Burgoyne et al., 2023).
We measured working memory using two
complex span tests: shortened OSPAN (“op-
eration task’), which required participants to
remember letters while solving math equa-
tions, and symmetry span (“symmetry”),
where participants remembered spatial loca-
tions while judging pattern symmetry (Foster
et al.,, 2015). Finally, fluid intelligence was
assessed using Raven’s Progressive Matrices
(“RPM”; Kane et al., 2004; Raven & Court,
1998), and the number series task (“numbers
task”; Unsworth et al.,, 2009; Thurstone,
1938). In both of the tasks, participants pre-
dicted the next likely sequence in a series of
patterns (Raven’s) or numerals (number se-
ries). Each participant completed the cogni-
tive ability tests in a fixed order and had to
finish each task before moving onto the next
task. Prior studies have found that remote
versions of these measures produce psycho-
metric properties and score distributions
comparable to in-person administration
(Burgoyne et al., 2023, 2024, in press;
Mashburn et al., 2024).

Experimental Task. The experimental task
(“Grids”, Figure 2) was a web-based, low-
fidelity military unit dispatching simulation
used in prior automation research (Pak et al.,
2017; Parasuraman et al., 2012, 2014; Rovira
et al., 2007, 2017). The interface consisted of
two sections: an overhead terrain grid dis-
played on the right side showing all elements,
and a targeting input area positioned at the top
left. For conditions where automation was
present, automated assistance was displayed
in the middle-left section (Figure 2(A)—(C)).

The terrain grid contained 16 elements
across all 100 trials: 6 enemy blocks (colored
red), 6 artillery blocks (colored green),
3 battalion blocks (colored yellow serving
only as visual distractors), and 1 headquarters
(HQ) block (colored orange), all positioned
randomly for each trial. Participants identified
the enemy-artillery pair that satisfied two
criteria: (1) closest to each other and (2)
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Targeting

Friendly (artillery

Figure 3a. Manual (no automation)

Targeting Targeting
Friendly (artillery) Friendly (artillery)
Al E A3 A4 A5 A6 Al A2 A3 A4 E A6
Enemy (0],¢ Enemy OK
E1 E2 E4 ES E6 E1 E2 H E4 ES5 E6
Unordered distances Ordered by distance, best choice on top

Friendly Enemy | AtoE Ato HQ Friendly Enemy

Al E1 005 010 - A6 ES

A6 E1 006 003 A6 E3

A5 E1 007 008 Al E1

A4 E1 016 o

A3 E1 012 011

A2 E1 005 006

A2 E2 009 006

A3 E2 006 011

A4 E2 008 011

A5 E2 013 008

Al E2 013 010

A6 E2 008 003

Figure 3b. Information automation (I1A) Mbmcdeu]dllom | -

Figure 3c. Decision automation (DA)

Figure 2.( A)—(C). The three between-participant conditions (all conditions saw the grid-like map shown
in 3(A)). Figure 2(A) shows the manual condition, with a targeting panel for choosing the target-enemy
pair. Figure 3(B) shows the IA condition (cropped to remove terrain grid which was identical) where all
distances between possible squares are calculated but unordered. Figure 2(C) (cropped) shows the DA
condition which showed only 3 target-enemy pairs with the best one (using the criteria of distance and
HQ proximity) at the top. Numerical distances (A—E and A-HQ) were hidden to reduce distraction, but
participants could view them (“View distance...” button) or simply choose the top recommendation
(“Select best” button), or manually input their target pair
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nearest to HQ. When multiple pairs had equal
distances, participants prioritized the enemy
closest to headquarters. Selections were made
using the “Targeting” panel on the left side
(Figure 2(A)—(C)), with confirmation via an
“OK” button to advance to the next trial. Each
trial was limited to 11 s; timed-out trials ad-
vanced automatically.

Automated Aids: Information and Decision Au-
tomation. When in an automation condition,
automation-assisted participants in choosing
enemy-friendly pairs. The information auto-
mation (IA) condition displayed an alpha-
betically ordered list of all pairs with their
distances from each other and from head-
quarters. Participants needed to scroll through
this list and apply selection criteria to find the

optimal pairing (Figure 2(B)). During unre-
liable trials, inaccurate distances were
displayed.

The Decision Automation (DA) displayed
only the top three recommended pairs in
ranked order, without numerical distance
values (Figure 2(C)). When reliable, it cor-
rectly calculated distances and applied the
selection criteria (closest A—E pair that was
also closest to HQ). During unreliable trials, it
presented random recommendations. This
qualified as decision automation because it
substituted machine recommendations for
human judgment. Participants could verify the
recommendations by revealing the underlying
distance calculations and selecting a pair
manually or comply with the automation by
accepting the top-ranked recommendation.
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Both TA and DA operated at 80% reliability.
This value was consistent with prior appli-
cations of the task (Pak et al., 2017; Rovira
et al., 2007, 2017) and falls above the ap-
proximately 70% threshold at which auto-
mation benefits outweigh costs (Wickens &
Dixon, 2007), while providing sufficient un-
reliable trials to examine individual differ-
ences in failure detection. No failures
occurred during the first 10 trials, allowing
participants to establish initial trust.

Participants simultaneously monitored call
signs in a Communications panel. This sec-
ondary task increased overall workload (in-
centivizing automation use when available)
and functioned as an attention check. The
communications panel cycled through
14 possible call signs every 6 s (with re-
placement), requiring participants to click an
Answer button specifically when “MASON-
6” appeared (probability 1/14 per cycle).
Participants were instructed to allocate equal
attention to both the communications and
experimental tasks. Performance on this sec-
ondary task was high across all experimental
conditions (see Table 1 under Supplemental
Materials). DA verification and compliance
rates are reported in Table 2 wunder
Supplemental Materials.

Prior to the experimental trials, participants
completed six practice trials in their assigned
condition. In conditions featuring automation,
participants were informed that the computer
assistance was generally reliable but not
perfect, although during practice the auto-
mation maintained 100% reliability to estab-
lish initial trust.

Results

Data Preparation

Prior to analysis, accuracy data were aggre-
gated, creating a mean for a participant’s re-
liable trials (composed of approximately
80 trials) and one for unreliable trials (ap-
proximately 20 trials). For analyses, each
mean was weighted by the number of valid
trials contributing to it, thereby accounting for

the unequal numbers of reliable and unreliable
trials.

Due to the between-participant manipula-
tion of Automation Condition, the resulting
accuracy data did not meet the assumption for
normality as assessed by the Shapiro—Wilk
test (W = 0.95, p < 0.001). The models also
showed evidence of heteroskedasticity. The
source was that those offered DA were more
accurate and less variable than the manual or
IA groups. Transforming the dependent
measure of accuracy with a log transform did
not result in meeting the assumptions. Thus,
all models (e.g., using Imer in R) were also run
using the robustlmm package (rlmer) (Koller
& Stahel, 2022). In every case, significant and
non-significant findings remained the same
using rlmer, and thus the most simple analyses
using lmer are presented and assumed to have
been robust to the violations of assumptions.

Description of the Analyses

Given that only the automation conditions
were subject to the manipulation of trial-level
automation reliability, a full factorial design
was not possible. Consequently, our analyses
focused on subsets of the complete dataset.
The initial analysis compared differences
across the between-participants independent
variable, Automation Condition, which in-
cluded three groups: Manual, IA, and DA. The
variable Trial Reliability was excluded for this
analysis, as there was no reliability manipu-
lation in the manual condition.

The subsequent analysis encompassed only
the IA and DA conditions and incorporated
the within-participants variable of Trial Re-
liability. All participants in the automation
conditions experienced 80% reliability over-
all. However, rather than treating reliability as
a system-level variable, we followed Rovira
etal. (2017) in categorizing each trial as either
reliable (automation correct) or unreliable
(automation incorrect). This is because even
though all participants experienced the same
overall automation reliability of 80%, reli-
ability was analyzed at the trial level by
classifying each trial according to whether the
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Figure 4. Mean accuracy by automation condition, with information and decision automation divided into
trial reliability levels. Bars represent 95% confidence intervals. *p < .05, *p < .01, **p < .001. Manual
group is shown for comparison but was not included in analyses involving trial reliability

automation was correct or incorrect. This al-
lowed us to examine whether cognitive abil-
ities predicted accuracy differently on reliable
versus unreliable trials within the same
participant.

Regarding trial completion, some trials
timed out, leading to a variation in the number
of trials completed by participants (ranging
from 80 to 100 trials). However, these time-
outs were distributed evenly across the three
groups (IA: 4.7% time-outs, DA: 4%, Manual:
4.6%) and across trial reliabilities (Reliable:
5.7%, Unreliable: 4.2%). This uniform dis-
tribution implied that the accuracy measure-
ments for each group and condition were
comparably influenced by the inclusion or
exclusion of timed-out trials. Therefore, we
decided to exclude timed-out trials from our
analyses, allowing participant accuracy to

reflect their performance on completed trials
only. The results are presented by dependent
measure.

Accuracy Across Automation Conditions

A one-way ANOVA was conducted to com-
pare accuracy among the three between-
participants automation groups: manual, IA,
and DA. The analysis revealed significant
differences in accuracy across these groups, F'
(2, 200) = 38.4, p < .0001, n* = 0.277. Sub-
sequent pairwise comparisons indicated that
accuracy (performance) in the DA condition
was significantly better than the manual and
IA conditions (all ps <.0001). However, there
were no significant differences between the
manual and IA conditions (p = 0.08; Figure 3).
Having the DA significantly aided
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for each automation condition
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Figure 6. The three-way interaction of automation condition, trial reliability, and WM on accuracy. The
x-axes show scores on the composite measure of WM created by averaging the standardized scores of

two tests of WM

performance while the IA was no better than
completing the task without automation.

Trial Reliability. We analyzed the two condi-
tions where automation was present, divided
based on Trial Reliability, categorizing trials
as either reliable or unreliable. A
2x2 ANOVA was performed to investigate
the impact of Automation Condition and
Trial Reliability on accuracy. Given the
unequal distribution of trial types (80% re-
liable and 20% unreliable), we applied
weights to the means of each condition to
balance the disparity in trial frequency. The
analysis revealed significant main effects for
both Automation Condition, F (1, 274) =
24.8, p < .0001, n2 = .065, and Trial Reli-
ability, F(1,274)=43.2,p<.0001,1* =114,
Furthermore, there was a significant inter-
action between Automation Condition and
Trial Reliability, ' (1,274)=37.1, p <.0001,
n* = .098.

Post-hoc comparisons using Tukey’s HSD
test identified significant differences in ac-
curacy. Participants in the DA group experi-
encing reliable automation  exhibited
significantly higher accuracy compared to all
other groups (all ps comparing reliable-DA to
other conditions <.001; Figure 4).

Individual Cognitive Differences. An initial ex-
amination revealed correlations between
cognitive  abilities and  performance
(Figure 5). To assess how these relationships
varied across Automation Condition and Trial
Reliability, a multilevel modeling approach,
as suggested by Raudenbush and Bryk (2002),
was utilized. Because Trial Reliability was
manipulated within-subjects, it was nested
within each participant and thus, within each
ability score. A multilevel approach was taken
using hierarchical linear mixed models
(Raudenbush & Bryk, 2002) to account for the
nested data. These models are fitted using the
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Imer function from the /me4 package in R (R
Core Team, 2021; Bates et al., 2015). Results
are presented as recommended in the reporting
guidelines of Huang (2022). Satterthwaite’s
method was used to calculate degrees of
freedom (Satterthwaite, 1946). Predictor
variables were not centered as all had a
meaningful zero. Model comparisons were
performed using Akaike information criterion,
Bayesian information criterion, and likelihood
ratio tests, chi-square values, degrees of
freedom, and p-values provided.

First, a null (unconditional) model with
only a random intercept for individuals (de-
noted by ID), was run to determine the amount
of variance within and between participants.
Then, predictors were added to the model
sequentially and the models tested for im-
provement. Non-significant predictors and
interactions were removed, to provide a final
parsimonious model that best represented the
data. In all models, weights were applied to
the means for reliable and unreliable trials to
account for the fact that the reliable means
were composed of four times as many trials as
the unreliable means. Results are discussed in
the text, with all statistical information
available in Table 1.

Multilevel Models. The intraclass correlation
coefficient of the null model was 0.21, indi-
cating that 79% of the variance in accuracy
was between participants, while 21% was
within participants. These results indicated
that there was sufficient variation at each level
to proceed with a multilevel analysis that
included between-subject variables (Auto-
mation Condition and cognitive ability tests)
and the within-subject variable of Trial Re-
liability (Raudenbush & Bryk, 2002).

In a second model, cognitive ability test
scores were entered as predictors. Attention
control and Gf showed significant main effects
on accuracy; those with higher scores on these
tests had higher overall accuracy when con-
trolling for the other variables. An ANOVA
confirmed that this model significantly de-
creased fit compared to the null model, 5> (3) =
15, p < .01.

In a third model, scores on the three cog-
nitive ability tests were included as predictors
and allowed to interact with the manipulated
variables of Automation Condition and Trial
Reliability. The interaction of Automation
Condition and Trial Reliability was signifi-
cant, as was the marginal interaction (p <0.05)
of WM with Automation Condition and Trial
Reliability. This was the only model that
changed in significance of effects when re-
submitted using the robustlmm package: the
marginal effect of the WM x Automation
Condition x Trial Reliability interaction be-
came significant (¢ increased
from —1.94 to —2.69), and the lower level
interaction of WM and Automation Condition
showed significance (¢ increased from 1.70 to
2.16). This model also demonstrated a sig-
nificant improvement in fit over the previous
one, as evidenced by an ANOVA, ¥* (12) =
161, p < .001.

Follow up analyses showed the source of
the interaction was that WM was required for
the TA condition, whether or not the auto-
mation was reliable. However, for decision
automation, WM only predicted performance
for unreliable automation trials (Figure 6); on
reliable trials participants tended to score
highly no matter what their score on the WM
tests (i.e., reliable decision automation elim-
inated the effect of individual differences in
WM). Once the manipulated variables of
Automation Condition and Trial Reliability
were entered, the effects of AC and Gf were
no longer present.

To achieve a more parsimonious model,
non-significant predictors were removed, re-
sulting in Model 4. This final model had a
significantly better fit compared to Model 3, x*
(8) = 22.0, p < .01, with significant interac-
tions of ability, condition, and reliability
(Table 1).

Discussion and Conclusion

The current study reassessed which cognitive
abilities are supported by different levels of
automation. There is an established taxonomy
that categorizes automation by the cognitive
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processes it assists (Parasuraman et al., 2000).
However, empirical findings are mixed on
whether key abilities like WM are actually
supported by high level automation. The
current results showed, consistent with Para-
suraman et al.’s model, that higher levels of
(reliable) automation support the WM de-
mands of the task. This was demonstrated here
by showing that individual differences in WM
(measured at the latent construct level with
multiple indicators) predicted significant
variance in performance with IA (a type of
automation designed to augment perceptual
abilities) but not with DA (a type of auto-
mation designed to augment WM).

We also had a second, exploratory question
in examining automation’s cognitive support:
“what cognitive abilities remain unsupported
by automation?” Given recent theoretical
developments regarding the relationship be-
tween WM and AC (Engle, 2002), we in-
vestigated whether automation designed to
support WM would similarly accommodate
AC—a question made critical by evidence
suggesting AC’s primacy over WM in com-
plex task performance (Draheim et al., 2022;
Pak et al., 2024). This is particularly relevant
because AC may govern operators’ ability to
monitor automation and adapt to dynamic task
demands, which are critical in supervisory
control paradigms. Our findings revealed that
while individual differences in AC predicted
performance, this relationship was not mod-
erated by automation level, suggesting that
existing automation may not have fully ac-
commodated individual differences in AC in
the current task context.

The findings suggest that automation de-
signed to support WM may not inherently
address individual differences in AC. Para-
suraman et al.’s model maps automation to
discrete stages of information processing but
does not account for AC’s hierarchical role in
regulating cognitive resources and maintain-
ing task priorities under high workload (cf.
Wickens, 2008). Recent work positions AC as
a foundational ability that governs both the
maintenance of goal-relevant information and
the suppression of distractors (Burgoyne et al.,

2023; Shipstead et al., 2016). While decision
automation alleviated WM demands, it may
have introduced requirements for vigilance
and failure recovery-processes that align with
AC’s functions of maintenance and disen-
gagement (Shipstead et al., 2016). This is
consistent with Bainbridge’s (1983) “irony of
automation,” where systems designed to re-
duce workload inadvertently shift demands to
underappreciated cognitive abilities. Filtered
recommendations may reduce WM load but
require operators to suppress automation bias
(Bahner et al., 2008; Lee & See, 2004; Skitka

et al., 1999) or re-engage manually during

failures. Future models could position atten-
tion control as a mediator between automation
type and performance, where high attention
control enables operators to adapt to
automation-induced task transformations.
This interpretation aligns with Multiple Re-
source Theory (Wickens & Dixon, 2007;
Wickens et al., 2002), which implies that
automation redistributes cognitive demands
across modalities and resources, but AC may
moderate the success of this task reallocation.

The static (always-on, non-adaptable)
nature of our automation paradigm warrants
consideration. AC predicted performance
across conditions, suggesting it may govern
residual task demands even when memory
load is reduced, consistent with the shift
from direct control to supervisory moni-
toring (Sheridan, 1992). In dynamic or
adaptive automation systems where opera-
tors switch between manual and automated
control (Calhoun, 2022; Miller et al., 2011;
Moray et al., 2000; Parasuraman et al.,
2009), AC’s role may be even more
pronounced.

Overall, the findings support the practical
utility of Parasuraman et al.’s (2000) model:
automation designed to target WM demands
did so as predicted. However, they also show
that automation that supports one ability (e.g.,
WM) may not support other closely related
abilities (e.g., AC). As automation is deployed
in increasingly complex task environments,
understanding which cognitive demands
persist despite automation support (and for
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whom) may become an important design
consideration (Greenwell-Barnden et al.,
2026).

If AC demands do persist across auto-
mation levels, how might automation be
designed to support AC? A path forward
may come from the very functions that AC
is thought to directly control: maintenance
of goal-relevant information and disen-
gagement from irrelevant information
(Shipstead et al., 2016). Prior work has
shown the performance benefits of auto-
mation that explicitly support operator’s
task disengagement (e.g., Dehais et al.,
2011). In their study, Dehais and col-
leagues demonstrated that cognitive coun-
termeasures based on temporarily removing
fixated information could effectively
combat attentional tunneling and help op-
erators disengage from tasks when neces-
sary. This notion of disengagement is
precisely consistent with the notion of
disengagement in AC (e.g., Shipstead et al.,
2016). This technique improved situation
awareness by forcing attentional shifts,
resulting in better decision making during
automation conflicts (Dehais et al., 2011).
Such findings suggest that future automa-
tion systems could be designed with
adaptive interfaces that dynamically mod-
ify information presentation based on de-
tected attentional states (or individual
differences), thereby supporting the exec-
utive control functions of AC while re-
ducing cognitive workload in complex
operational environments. This approach
(supporting disengagement) would com-
plement existing design principles (e.g.
Nielsen, 1994; Norman, 1988;
Parasuraman et al., 2000) that focus on
supporting relevant information mainte-
nance. Recent work on gaze-contingent
displays has addressed attention manage-
ment from the design side by adapting
displays based on operator gaze patterns
(e.g., Marois et al., 2020; Taylor et al.,
2015). Our findings complement this ap-
proach by showing that upstream individual
differences in AC, the cognitive ability that

produces those gaze patterns, may also
warrant consideration. If automation is
meant to augment human performance in
complex task settings, it must help the user
both maintain goal-relevant information
and disengage from irrelevant information.

Limitations and Future Directions

Several limitations warrant consideration.
First, out online methodology resulted in data
loss due to technical errors and participant
dropout. The study required participants to
complete six parts over approximately 1.5 h
remotely, and our analysis necessitated
complete data from each participant. While
this methodology has been employed in other
large-scale individual difference studies with
similar exclusion rates (Burgoyne et al., 2023;
Mashburn et al., 2024), and we maintained
adequate statistical power despite these ex-
clusions, replication in a more controlled
laboratory environment would be beneficial.
Second, our between-subjects design with
three distinct groups (manual task, informa-
tion automation, and decision automation)
was chosen to reduce participant time com-
mitment. An alternative within-subjects,
repeated-measures approach, where partici-
pants served as their own controls, would have
allowed calculation of within-subject im-
provement due to automation but would in-
troduce confounds from practice effects and
potentially increase dropout rates due to ex-
tended study duration. Finally, although the
experimental task used has been well-
established in previous research, it repre-
sents one type of automation (always-on and
fixed function allocation) that may not reflect
typical real-world automation settings. Future
studies should examine the relationship be-
tween cognitive abilities and performance
with more flexible, adaptable automation
(Calhoun, 2022). In such contexts, AC may
prove more critical for performance than WM,
highlighting the importance of designing au-
tomation systems that specifically support AC
capabilities.
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Key Points

* Working memory requirements were
only supported by decision automation,
not lower level information automation.

e The study supports the Parasuraman
et al. (2000) model, showing that
higher levels of automation support
working memory demands. However,
attention control predicted performance
across all conditions, raising questions
about whether current automation de-
signs fully accommodate this ability.

¢ The results of this study indicate a need
for automation designs to consider at-
tention demands.
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