
INTRODUCTION

A large number of work environments that
use automation are so complicated that they re-
quire multiple operators to simultaneously ad-
dress tasks and manage automation (Bowers,
Oser, Salas, & Cannon-Bowers, 1996). Although
researchers have noted human-automation in-
teraction problems associated with the design
of automation in aviation and other domains
(Bainbridge, 1987; Coury & Semmel, 1996;
Woods, 1996), most of this research has focused
on the effects of automation on an individual
worker. Some research has suggested that auto-
mation may qualitatively change communication
between human team members (Johannesen,
Cook, & Woods, 1994; Wiener, 1993). With this
in mind, there is a need to ascertain the effects of
automation on teamwork in order to promote
the design of safe and effective systems.

Prior research assessing the effect of automa-

tion on teams has produced contradictory re-
sults. We first review this research and offer pos-
sible explanations for the variety of results. We
then suggest an alternative approach for assess-
ing the effect of automation on teams by classi-
fying automation based on its application to
different human-machine system information-
processing functions in accordance with exist-
ing theories of levels of automation (LOAs). In
order to predict the effect of different LOAs on
teams, we also review research assessing the ef-
fects of LOAs on the performance of individuals
and research describing characteristics of high-
performing teams. The purpose of this study was
to determine whether differences in the form of
complex automation have implications for team
coordination and performance, to explain these
effects in terms of the functional nature of the
automation, and to establish how automation
may mediate the potential for coordinated teams
to achieve high performance.
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Effects of Automation on Teams

Existing research on flight deck automation
and teams(Bowers,Deaton,Oser,Prince,&Kolb,
1993; Clothier, 1991; Costley, Johnson, & Law-
son, 1989; Wise, Guide, Abbot, & Ryan, 1992)
provides support for the notion that automation
has some type of effect on team coordination;
however, results are mixed. Some studies show
increases in communication rates (Wise et al.),
some show rate decreases (Costley et al.), some
suggest detriments to team coordination (Bow-
ers, Deaton, et al.), and some suggest coordina-
tion improvements (Clothier). One consistent
result across studies on verbal communication
and automation is that significant team coordina-
tion differences between systems tend to appear
when workload is higher (Clothier; Costley).

A possible reason for the conflicting findings
is that studies generally compare team coordina-
tion under a new automated system with team-
work in an earlier model aircraft (either through
surveys, field studies, or comparisons in high-
fidelity simulators); therefore other differences,
such as advanced displays, may be affecting
team coordination. A second potential problem
is that different forms of automation may in-
fluence team coordination in different ways.
Bowers, Jentsch, and Salas (1994) offered some
solutions to these problems, including (a) study-
ing automation using low-fidelity simulation in
a laboratory environment so that differences
between conditions can be isolated to only those
associated with automation and (b) clearly spec-
ifying the form of automation used – for exam-
ple, through a taxonomy of automation.

Jentsch and Bowers (1996) applied these rec-
ommendations using a PC-based flight simula-
tor in which the pilot and copilot performed with
a single form of automation (autopilot and nav-
igation computer, respectively) on or off. The
autopilot represented automation of psychomo-
tor tasks, whereas the navigation computer rep-
resented automation of more cognitive functions.
They found that performance improved when
both automated systems were in use. They also
found decreased rates of communication asso-
ciated with the use of the navigation computer
(copilot automation), possibly because the co-
pilot spent time interacting with the navigation
computer rather than coordinating with the pilot.

Levels of Automation

Although Bowers et al. (1994) offered a tax-
onomy of automation for aviation, more general
taxonomies and models have been developed to
describe different forms of automation. Scerbo
(1996) provided a review of taxonomies and
models of LOAs that have evolved from the early
work of Sheridan and Verplanck (1978). Sheri-
dan and Verplanck’s taxonomy distinguished 10
different LOAs that focused on who has deci-
sion authority in system operations (the human
or a computer), what information is provided to
the user by the system, and who implements an
action.

More recent taxonomies and models consid-
er automation as applied to a wider range of
functions (Endsley,1997; Endsley & Kaber,1999;
Kaber & Endsley, 1997; Parasuraman, Sheridan,
& Wickens, 2000; Wickens, Mavor, Parasuraman,
& McGee, 1998). The taxonomy developed by
Endsley and Kaber demonstrates how automa-
tion can be classified in terms of four cognitive
and psychomotor aspects of human information
processing: monitoring, generating, selecting,
and implementing. Based on an analysis of real-
world systems, they established10 specific LOAs
depending on whether or not the human or a com-
puter performed each of the four information-
processing functions or if the functions were
shared. The function allocation scheme also de-
fined the overall level of system autonomy.

Parasuraman et al. (2000) developed their
model based on the premise that automation is
a continuum and not an “all-or-none concept.”
Like Endsley and Kaber (1999), they identified
four stages of human information processing
that can be used as a basis for classifying auto-
mation: information acquisition, information
analysis, decision selection, and action imple-
mentation. They said that automation can vary
from low to high along unique continua for each
information-processing function. The Parasura-
man et al. model is a theoretical one that can be
used to describe virtually any human-machine
system in terms of the type and level of automa-
tion. Approaches to classifying LOAs, such as
these, serve to qualitatively define the charac-
teristics of automation systems so that they may
be compared and evaluated in research.
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Effects of LOAs on Individuals

Researchers have found that, similar to the
goals of adaptive automation, providing the right
degree of automation for the right function of a
task can optimize the use of automation in terms
of operator workload and situation awareness
(SA; Endsley & Kaber, 1999; Endsley & Kiris,
1995; Kaber & Endsley, 1997; Parasuraman et
al., 2000). Comparisons have been made of the
effects of various LOAs on individual operator
performance. Endsley and Kaber found that lev-
els of automation that combine human genera-
tion of options with computer implementation
of actions produced better overall performance
during normal operations of a laboratory simula-
tion of an air traffic control task. In a visual target
identification task, Galster, Bolia, and Parasur-
aman (2002) found performance advantages
associated with information automation (cuing)
that were not apparent when automation was
applied to decision making.

Kaber, Onal, and Endsley (2000), using a
high-fidelity simulation of a telerobot, found
that high levels of automation involving comput-
er assistance in information analysis and action
implementation, or assistance in these functions
plus decision making, enhanced performance
and reduced workload during normal operation
conditions. Intermediate levels of automation
including computer assistance in action imple-
mentation promoted higher operator SA and
enhanced manual performance during system
failure modes, as compared with higher levels of
automation. Clamann, Wright, and Kaber (2002)
found that operators were better able to adapt
to adaptive automation when the automation
was applied to information acquisition and ac-
tion implementation than when automation was
applied to information analysis and decision-
making tasks. Rovira, Zinni, and Parasuraman
(2002) found that automation unreliability had
a greater cost for decision automation than for
information automation. Sarter and Schroeder
(2001) obtained the same results in investigating
information and decision automation in pilot
assessment of in-flight icing conditions.

In general, this body of work supports au-
tomation of psychomotor functions (e.g., auto-
mation of information acquisition and action
implementation) and information automation

as compared with automation of higher-order
cognitive functions such as decision selection,
particularly in situations in which the automa-
tion may be unreliable, adaptive automation is
being used, or operators are exposed to high
workload.

Characteristics of High-Performing Teams

Studies of team communication and coordi-
nation have noted specific types of behavior that
are associated with good team performance
(Costley et al., 1989; Foushee, Lauber, Baetge,
& Acomb, 1986; Orasanu, 1990). It has been
observed that teams in which members provide
unsolicited information to other team members
generally perform better than those that do not
(Johannesen et al., 1994; Urban, Bowers, Mon-
day, & Morgan, 1993). High-performing teams
tend to be more efficient in their use of ques-
tions, asking fewer questions yet still receiving
all the necessary information (Urban et al.,1993).
High-performing teams also exhibit behaviors
such as situation assessment and planning that
help to achieve and maintain SA (Orasanu).

Jentsch, Sellin-Wolters, Bowers, and Salas
(1995) found that teams that were faster in de-
tecting a problem used more standard communi-
cations, made more leadership statements, and
vocalized more SA observations than did slow
teams. Bolstad and Endsley (1999, 2000) found
that a training condition that allowed for the de-
velopment of similar mental models through the
use of shared information displays led to im-
proved performance in a decision-making task.
MacMillan, Entin, and Serfaty (2002) suggest-
ed that although there is a cost associated with
a “need for communication” between team
members, there is a benefit when communica-
tion is in the form of collaborative planning. It
is not yet clear whether the implementation of
certain forms of automation, as defined in the
literature, may promote or support behaviors
that are frequently associated with good team
performance.

OBJECTIVE AND HYPOTHESES

The present study evaluated the effect of au-
tomation on teamwork in a decision-making
task. In order to more completely describe the
effects of automation, we designed the task to
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present three different levels of automation:
computerization of (a) information acquisition,
(b) information analysis, and (c) decision selec-
tion functions as defined in the model presented
by Parasuraman et al. (2000). Four experimental
conditions, designed to represent realistic forms
of automation, were mapped to conditions pre-
sented in Endsley and Kaber’s (1999) taxonomy
of automation: (a) action support, (b) shared
control, (c) decision support, and (d) blended
decision making.

The action support condition represents the
lowest level of automation across the three
functions manipulated and provides a baseline
automation condition. Action support is repre-
sentative of a system that assists the operator
with performance of an action, with some hu-
man control required. An example is a teleoper-
ation system, in which the behavior of the robot
is directly slaved to human inputs. The other
conditions represent increases in information
acquisition (shared control), information analy-
sis (decision support), and both information
analysis and decision selection (blended deci-
sion making) from the baseline condition (see
Table 1). With shared control, which is a more
sophisticated form of automation, the human
retains decision authority regarding the system
behavior and the automation implements the
operator’s plan. The operator can also modify
the system behavior in real time. Decision sup-
port is representative of a system integrating an
expert or decision support system. The operator
may exploit or ignore this capability. Blended
decision making is representative of a system
integrating a high-level decision support aid
capable of automatically selecting among deci-
sion alternatives and implementing specific be-
haviors. Under this mode of automation, the
human can consent to automated decisions and
actions or override them.

The objective of this study was to assess the

effects of different types and levels of automa-
tion on the performance and coordination of
teams and, based on this analysis, to identify
ways in which human-automation interaction
can be improved in a team environment. The re-
sults of team performance studies suggest that
there are three main ways in which automation
conditions can facilitate teamwork: (a) by re-
ducing workload (particularly as it relates to the
“need for communication”) – lower workload
will provide teams with additional time for plan-
ning, situation assessment, and coordination
efforts; (b) by promoting operator SA – individ-
uals with higher levels of SA will be better able
to predict the needs of their team members, re-
sulting in more efficient communications, and
may make more efforts at vocalizing SA; and (c)
by supporting the development of shared men-
tal models (e.g., through the use of shared dis-
plays) – teams with shared mental models are
also more likely to exhibit more efficient com-
munications and will be facilitated in their team
planning and coordination efforts.

Research on the effects of automation on in-
dividual performance (Clamann et al., 2002;
Galster et al., 2002) suggests that automation
of information acquisition functions may facili-
tate teamwork through all three of these mech-
anisms. Consequently, we hypothesized that this
type of automation (shared control) would lead
to more efficient team communications (H1), a
greater incidence of team coordination behav-
iors such as planning and situation assessment
(H2), and better team effectiveness with respect
to the task (H3), when compared with a base-
line condition (action support). Intermediate
levels of automation, such as automation of in-
formation analysis functions (decision support),
may also have positive effects on teamwork
through workload reductions and SA improve-
ments (Kaber et al., 2000). Thus we expected
communication quality (H4), team coordination

TABLE 1: Level of Automation Comparisons

Comparison Increasing Automation of:

Action support vs. shared control Information acquisition
Action support vs. decision support Information analysis
Action support vs. blended decision making Information analysis and decision selection
Decision support vs. blended decision making Decision selection
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(H5), and team effectiveness (H6) to be im-
proved by this condition as compared with the
baseline condition.

Decision automation, however, has not been
associated with increases in SA or workload
reductions (Clamann et al., 2002; Galster et al.,
2002; Rovira et al., 2002). Therefore, in a com-
parison between a condition with both informa-
tion analysis and decision automation (blended
decision making) and one providing only infor-
mation analysis automation (decision support),
we expected communication quality (H7), team
coordination (H8), and team effectiveness (H9)
to be better when decision automation was not
present. Finally, we hypothesized that these dif-
ferences between conditions would be more
pronounced under conditions of high task dif-
ficulty than under low task difficulty (H10).

METHOD

Task

The team performance task was based on a
laboratory simulation of the Theater Defense
Task (TDT), which was developed by Bolstad
and Endsley (1999) based on an individual-
control task developed by Kaber and Endsley
(1997). The TDT is a team decision-making and
target elimination task completed by two team
members. The intelligence officer (IO) and air
commander (AC) have separate but interrelated
tasks. They work at separate workstations con-
nected by a local area network. The role of the
AC is to protect a home base from incoming
enemy aircraft. The role of the IO is to classify
incoming targets as enemy or friendly and to
indicate the type of aircraft for the AC. Based
on the aircraft type, the AC must either choose
an appropriate missile to destroy enemy aircraft
or allow friendly aircraft to pass through.

The task is relatively complex in that it re-
quires the IO to consider several data sources
simultaneously, and to account for the sensitivity
of the sources, in determining the classification
of a target. The task requires communication be-
tween the AC and the IO, some of which occurs
via the computer interfaces, such as the IO send-
ing classification information to the AC’s display.
In addition, verbal communication is required
from the AC to the IO regarding target posi-
tions and airborne warning and control system

(AWACS) reconnaissance aircraft positions (or
sensor reliability). The AWACS aircraft travel
around the airspace in a random pattern, pro-
viding greater reliability when they are closer
to home base. The pace of the task is such that
both team members must be strategic about how
they prioritize and process targets in order to
achieve a high score. Figure 1 presents the AC’s
task display, and Figure 2 presents the IO’s task
display.

A team receives points when targets are de-
stroyed or when targets reach the home base.
Damage points are assessed when an enemy
aircraft reaches the home base. Target points
are given when an aircraft is destroyed. Positive
target points (rewards) are earned for destroy-
ing enemies, whereas negative target points
(penalties) are assessed for destroying friendly
aircrafts. The number of points assigned is de-
pendent on the mission relevance and the lethal-
ity of the aircraft.

Levels of automation. Manipulations of au-
tomation along the first three of the four func-
tions included in the Parasuraman et al. (2000)
model (information acquisition, information
analysis, and decision selection) were selected as
they were expected to yield the greatest differ-
ences in team coordination based on prior re-
search (whereas changes in automation of action
implementation were not expected to greatly in-
fluence teamwork). This selection provides ex-
perimental comparisons for studying increases
in each of the three types of automation and an
increase in both information analysis and deci-
sion support (see Table 1). Modifications to the
AC’s and IO’s displays used under the baseline
condition (action support) in order to model the
three other automation conditions are presented
in Table 2.

Experimental Design

A 4 × (2 × 2) mixed design was used in this
experiment, with the four LOAs representing a
between-subjects variable and the two levels of
task difficulty and two order conditions repre-
senting within-subjects variables. Participants
were randomly assigned to automation condi-
tions and team member roles. Level of difficulty
was determined by the number of targets pre-
sent on the task displays at any given time (five
targets for a low-difficulty condition and eight
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Figure 1. Air commander’s display.

Figure 2. Intelligence officer’s display.
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targets for a high-difficulty condition). Teams
were presented with two trials under each diffi-
culty condition. Two orders of task difficulty
(across trials) were used in the study: low-high-
high-low and  high-low-low-high. These settings
of order were balanced across automation con-
ditions and considered as an additional nested
variable in the experimental design.

Participants and Apparatus

Ten teams of 2 persons were assigned to each
automation condition for a total of 40 teams
(80 participants). This sample size was selected
based on a power analysis on a pilot data set
with significant effect size estimates. The par-
ticipants were students at North Carolina State
University who participated for monetary com-
pensation. All were required to have 20/20 or
corrected-to-normal vision and some PC experi-
ence with a graphical user interface. There were
17 male-male teams, 14 male-female teams, and
9 female-female teams. Teams were randomly
assigned to automation condition with gender
composition partially balanced across the four
automation conditions (either 4 or 5 male-male
teams; 3 or 4 male-female teams; and 2 or 3
female-female teams in each automation condi-

tion). The average ages of the ACs and IOs were
26.5 and 24.6 years, respectively.

Team members sat at adjacent workstations
separated by a partition so that they could not
see each other. Team members communicated
with each other using FM radio headsets (walkie-
talkies) or through the computer interfaces. The
headset covered one ear, and a “press-to-talk”
button was used for transmitting. The same com-
munication methods were available under all
forms of automation. A digital video camera
recorded the ongoing task activity on the two
computer displays and test participant commu-
nications.

Dependent Measures

Team effectiveness measures. Team effective-
ness was measured using the TDT point-scoring
system. In addition to target points and damage
points, a total score was determined by subtract-
ing the damage points from the target points.
Because there is a greater scoring opportunity
when more targets are presented (in the high-
difficulty condition), team effectiveness was also
measured as a ratio of target points, damage
points, and total score to the number of targets
presented. The target points ratio provided a

TABLE 2: Changes to Theater Defense Task to Implement Automation Conditions

Condition Changes to Baseline (Action Support) Condition

Shared control For automation of information acquisition function, task-relevant information
for IO was abstracted from AC’s display and presented to IO and vice versa
(based on shared displays of Bolstad & Endsley, 1999, 2000). For IO, informa-
tion included target proximity, sensor reliabilities, and points scored. For AC,
information included sensor classification of targets, after IO selected a classi-
fication. Target proximity presentation on IO display was also considered a
minor increase in information analysis automation as it provided a possible
priority order for classifying targets.

Decision support Information analysis automation was implemented by presenting IO target
list in order indicating target that should be classified first based on distance
to home base and target type information provided by sensors (e.g., enemy
targets close to home base presented first in list). List was continually re-sorted
each time target reached center of display or was eliminated.

Blended decision making In addition to priority sorted target list provided in decision support condition,
decision selection automation involved modification of IO display to include
fourth column in target/sensor data section (to right of Source C column in
Figure 2) displaying automated target classification decision. Algorithm for
target classification was at least as good as human team, except when all
sensor reports had equal reliability. In this case, human team could consider
additional information (e.g., risk of reward or penalty associated with decision)
that algorithm did not take into account.
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measure of the team’s decision-making effective-
ness for a single target. The damage points ratio
provided a measure of the team’s ability to keep
pace with the task and, to a lesser extent, the
team’s decision making.

Team communication counts measure. One
method of measuring team communication is
to categorize communication types and then
quantify communication in accordance with the
categorization (Costley et al., 1989; Urban et
al., 1993). This type of measure allowed us to
quantify specific task-relevant communication
and relate these counts to differences in perfor-
mance or team effectiveness. Pilot testing and
analysis of transcripts were used to identify the
types of task-relevant communications that team
members used in the TDT. These were reduced
to the following seven communication types (for
analysis): (a) target classification request from
AC with response from IO; (b) target classifi-
cation request from AC without response from
IO; (c) unsolicited target classification reports
by IO; (d) sensor reliability requests from IO
with response from AC; (e) unsolicited sensor
reliability update from AC; (f) other communi-
cations; and (g) total communications.

Target classification requests refer to the call-
ing out of specific target numbers by the AC for
classification by the IO. A classification request
without a response does not necessarily mean
the IO ignored the request from the AC, only
that he or she made no verbal response. In most
cases this indicated that the IO chose to respond
to the AC using the user interface (by color cod-
ing the targets) rather than responding verbally.
The category of other communications includes
pretrial strategy comments, strategy comments
during the trial, and other communications, such
as sharing information regarding the current
score or decision-making discussion. Two raters
counted the communications during a trial by
marking a tally for each type of utterance.

The communication counts were also used to
calculate an anticipation ratio (Serfaty, Entin,
& Johnston, 1998) by summing the tallies that
represented information transfer between team
members, summing the tallies that represented
information requests, and then calculating the
ratio of the information transferred to the infor-
mation requested. This measure provides an
indication of the degree to which individuals

predicted the information needs of their team
members and can be related to the amount of
solicited versus unsolicited information transfer.

Team coordination measure. The measure-
ment of team coordination used in this study
followed the conceptual framework of Dickin-
son and McIntyre (1997). This framework pro-
poses the development of observation (or event)
scales that indicate specific behaviors associated
with high or low performance along several di-
mensions of teamwork. The scales are then used
to record team performance on these behaviors
as a basis for a final team rating. The rating is
made on a 5-point scale for each teamwork
dimension. The teamwork dimensions used in
this study were similar to those used by Bran-
nick, Prince, Prince, and Salas (1995) and a
subset of those defined for the aircrew coordina-
tion observation and evaluation scale (Bowers,
Morgan, Salas, & Prince, 1993). They were (a)
assertiveness, (b) decision making, (c) situation
assessment, (d) leadership, and (e) communi-
cation.

In using this method, two raters recorded ob-
servations of good or poor teamwork on each
teamwork dimension. At the end of a trial, raters
considered both the number of times specific
teamwork behaviors were exhibited, as well as
the quality of the behaviors, in their final ratings
on each of the five dimensions of teamwork.
Raters used a scale from 1 (hardly any skill) to 5
(complete skill) for each dimension rating, and
a total team coordination rating was determined
by summing the 5-point ratings on each of the
dimensions of teamwork.

Subjective workload measure. Both team
members rated perceived workload. They were
asked to complete rankings and ratings of vari-
ous workload dimensions using the modified
NASA-Task Load Index (TLX; Hart & Stave-
land, 1988).

Procedure

The procedures for the experiment consist-
ed of five steps: (a) introduction, completion of
consent forms and background questionnaire;
(b) training on the TDT; (c) a 15-min practice
session in the low-difficulty condition; (d) com-
pletion of a practice rating of workload using
the NASA-TLX; and (e) four 15-min trials, each
followed by a workload rating.



58 Spring 2005 – Human Factors 

Ten-minute breaks were given following the
practice trial and between test trials. The dura-
tion of the practice session was based on the
time required to achieve asymptotic performance
in the task as determined by prior research (Ka-
ber & Riley, 1999). The entire experiment lasted
between 2.5 and 3 hr.

An extensive training session was given to
the team members verbally by the experimenter.
The barrier between them was removed, and
both team members received instructions on the
entire task, including the role of both the AC
and the IO. Team members were allowed 5 min
to try out the task in their role, using the radios
to communicate. For the formal TDT practice
session and the experimental trials, the barrier
was placed between team members and they
were asked to imagine that they were in differ-
ent locations and to only use the radios for com-
munication. They were allowed 5 min to discuss
(via radio) their team strategy for performing
the task prior to the start of the practice session
and the trials.

DATA ANALYSIS

Team Effectiveness and Workload

For the evaluation of the team effectiveness
and workload measures, a three-way analysis of
variance (ANOVA) model was used with diffi-
culty as a within-subjects variable and automa-
tion condition and order as between-subjects
variables. In the cases in which this model did
not result in any significant effects attributable
to order, analyses were conducted with a re-
duced model including only task difficulty and
LOA as variables. Significant effects revealed
by the ANOVAs were further investigated using
Duncan’s multiple range (MR) test with an alpha
level of .05.

Because of the nature of the TDT, sensor reli-
ability was randomly generated during the trial
and could not be controlled. In order to assess
the potential impact of sensor reliability on per-
formance measures, we conducted correlation
analyses on the average sensor reliability over a
trial and each of the team effectiveness mea-
sures. All team effectiveness measures correlat-
ed significantly (p < .05) with sensor reliability.
Therefore the team effectiveness measures were
analyzed using the ANOVA models described
previously with the addition of a covariate, over-

all sensor reliability, as a random effect in order
to control for the influence of this factor.

Team Communication Counts and
Anticipation Ratio

Interrater reliabilities (correlations) were cal-
culated for the communication counts. Signifi-
cant reliabilities (p < .0001) were obtained for
counts on all seven communication types, and all
correlation coefficients were greater than r = .9
with the exception of other communications,
which had a coefficient of .79.

To determine if any of the specific types of
communications tallied were associated with
either high or low performance, we conducted
linear correlations on the three effectiveness
measures, each of the seven communication
types, and the anticipation ratio. There were
160 observations (40 teams × 4 trials) on each
measure for this analysis.

For the analysis of communication counts
by automation condition, the communication
counts failed to meet the normality assumptions
of the ANOVA. For some of the counts there
was a strong floor effect (many observations of
zero), and transformations of the data did not re-
solve the ANOVA assumption violations. There-
fore, both the counts of individual types of
communication data and the anticipation ratio
(calculated from communication count data)
were subject to nonparametric analyses, based
on ranks.

For effects attributable to automation condi-
tion, the Kruskal-Wallis test was used and the
data were divided into two separate sets for
analysis, one representing the low-difficulty
condition and the other representing the high-
difficulty condition. In addition, the data were
averaged across the two trials under each diffi-
culty condition and across the two raters. For
those measures for which the result was signifi-
cant, separate Kruskal-Wallis tests were con-
ducted on pairs of automation conditions (e.g.,
action support vs. shared control) to determine
which of the conditions were significantly differ-
ent from each other. For effects attributable to
level of difficulty, a two-tailed Wilcoxon signed
ranks test was used. The data were separated
into four sets, one for each automation condi-
tion, and were averaged across the two trials and
the two raters.



EFFECTS OF AUTOMATION ON TEAMS 59

Team Coordination Measure

Interrater reliabilities (correlations) were cal-
culated for the team coordination rating. A sig-
nificant (p < .0001) interrater correlation was
obtained (r = .56). Correlations between raters
in other studies using this method have ranged
from r = .55 to .87 (Brannick, Roach, & Salas,
1993), r = .48 to .71 (Travillian, Volpe, Cannon-
Bowers,&Salas,1993), and r= .55 to .97 (Volpe,
Cannon-Bowers, Salas, & Spector, 1996). The
team coordination ratings failed to meet the nor-
mality assumptions of the ANOVA because of
the discrete nature of the data (ratings of 1–5 on
each dimension). The application of transforms
to the response was not successful in accounting
for the assumption violation, so the team co-
ordination ratings were subjected to the same
nonparametric tests as described for the com-
munication counts.

RESULTS

Difficulty Manipulation Check

There were significant effects for four of the
six team effectiveness measures, with a greater
number of target points, F(1, 36) = 27, p <
.0001, and damage points, F(1,32)=81, p<.0001,
in the high-difficulty condition compared with
the low-difficulty condition because of the high-
er number of targets in the former condition. In
addition, there was a higher total score ratio,
F(1, 36) = 98, p < .05, and a lower damage ra-
tio, F(1, 32) = 21, p < .0001, in the low-difficulty
condition compared with the high-difficulty con-
dition. Participants were better able to keep pace

with the task and were better able to classify and
resolve targets correctly on a per-target basis in
the low-difficulty condition than in the high-
difficulty condition. Ratings of workload were
higher in the high-difficulty condition than in
the low-difficulty condition for both the AC
role, F(1, 32) = 19.1, p < .0001, and the IO role,
F(1, 36) = 63.9, p < .0001. (The denominator
degrees of freedom for the F tests varied across
response measures as a result of the order effect
being retained in, or removed from, the statis-
tical model.)

The only significant effect of task difficulty
on any of the team coordination measures was
in the counts of “other communications.” The
Wilcoxon signed ranks test indicated that for
the blended decision-making condition, there
were significantly more “other communications”
under the low-difficulty condition than in the
high-difficulty condition (Z = 2.28, p < .05;
nonparametric tests were used to analyze team
communication counts and coordination ratings).
This indicates that the low-difficulty condition
may have allowed more time for communica-
tions other than task-relevant communications
in this automation condition.

Correlations Between Communication
Counts and Effectiveness Measures

The significant correlation analyses on the
communication counts and team effectiveness
measures are shown in Table 3. Because lower
damage points and damage ratios indicate bet-
ter performance, a negative correlation of these
measures with any communication type indi-
cates that the communication was associated

TABLE 3: Correlations of Communication Types and Team Effectiveness Measures

Pearson Correlation Coefficient, r, N = 160
Prob. > |r | Under H0: ρ = 0, p

Target Damage Total Total Score
Communication Type Points Ratio Points Ratio

Classification request from AC with response from IO –.27** .27** –.29** –.23**
<.0005 <.0005 <.0005 <.0050

Unsolicited classification from the IO 0.006 –.17** –.080 .010
<.9400 <.04 00 <.3300 <.9000

Other communications .140 –.11 0 0.16* .140
<.0800 <.15 00 <.05 0 <.0700

*p < .05. **p < .01.
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with higher performance. Results revealed that
classification requests with response tended to
be associated with lower performance (negative
correlation with target points, total points, and
total score ratio, and positive correlation with
damage ratio). Unsolicited classifications were
associated with better performance measured in
terms of the damage ratio. Other communica-
tions were associated with better performance
in terms of total points. These findings are con-
sistent with team performance research showing
that teams that use more unsolicited communi-
cations, and teams that communicate more in
relation to planning and situation assessment up-
dates (included in the counts of “other” com-
munications here), tend to perform better than
teams that do not (Johannesen et al., 1994; Mac-
millan et al., 2002; Urban et al., 1993).

Automation Condition Effects

Although the data analysis included compar-
isons of all combinations of the automation con-
ditions, only the significant effects relevant to the
hypotheses of the study (comparisons of shared
control and decision support against action sup-
port, and comparisons between decision support
and blended decision making) are reported here.

Communication counts. The Kruskal-Wallis
tests indicated significant effects of automation
condition for unsolicited reliability reports un-
der both low difficulty, T(3) = 15.8, p < .01, and
high difficulty, T(3) = 14.4, p < .01. Additional
Kruskal-Wallis tests conducted on pairs of the
automation conditions revealed that there were
fewer unsolicited reliability reports when shared
control was used as compared with action sup-
port under both the low task difficulty condition,
T(1) = 8.7, p < .01, and the high task difficulty
condition, T(1) = 8.3, p < .01. This was proba-
bly attributable to the reduced need for commu-
nication of reliability information from the AC
to the IO under the shared control condition
because the reliability information was included
on the IO’s display. This provides support for
the assertion that information automation can
reduce the need for communication, which may
result in a workload reduction. There were no
significant differences between automation con-
ditions related to the three types of communi-
cations that correlated with team effectiveness
measures. However, there was a trend to sug-

gest that under high difficulty, teams in the de-
cision support condition verbalized more “other”
communications than did teams in the blended
decision-making condition, T(3) = 6.7, p < .10.
Although not statistically significant, this pro-
vides some support for our assertion that team
coordination would be better when decision au-
tomation was not included (H7, H8).

Anticipation ratio. Figure 3 presents the mean
anticipation ratio for the four automation condi-
tions. A higher anticipation ratio indicates that
more information was transferred as compared
with the information that was requested. The
Kruskal-Wallis test revealed a significant effect
of automation under both the low-difficulty,
T(3) = 9.2, p < .05, and high-difficulty condi-
tions, T(3) = 9.2, p < .05. The comparison of the
automation conditions revealed that shared
control had a higher anticipation ratio than did
action support for both the low-difficulty condi-
tion, T(1) = 6.2, p < .05, and the high-difficulty
condition, T(1) = 5.1, p < .05. This supports our
hypothesis (H1) that information acquisition
automation will lead to more efficient commu-
nications than will a baseline action support con-
dition. Automation of information analysis did
not reveal more efficient communications as
determined by the anticipation ratio measure,
as was expected (H4 and H7).

Team coordination ratings. Figure 4 presents
the average total rating of team coordination for
each of the four automation conditions under
the two levels of difficulty (higher ratings indi-
cate higher teamwork skills). The Kruskal-
Wallis test on total team coordination indicated
significant effects of automation under both low
task difficulty, T(3) = 8.9, p < .05, and high
difficulty, T(3) = 9.8, p < .05. Kruskal-Wallis
tests conducted on pairs of automation condi-
tions indicated that under the low task difficulty
setting, the decision support condition received
higher ratings than did action support, T(1)=5.0,
p < .05, and blended decision making, T(1) =
7.2, p < .01. Under the high task difficulty set-
ting, the decision support condition received
higher ratings than did blended decision making,
T(1) = 8.1, p < .01. These results support our
hypothesis that information analysis automa-
tion would lead to improved team coordination
over both the baseline condition (H5) and a
condition including decision automation (H8).
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The hypothesis that information acquisition
automation would lead to improved team
coordination (H2) was not supported by the
team coordination measure.

Automation and Task Difficulty
Interactions

Team effectiveness. There was a significant
interaction between the automation condition
and level of difficulty in terms of the damage
points ratio, F(3, 32) = 3.94, p < .05 (see Fi-
gure 5; lower ratio values indicate higher effec-
tiveness). The results of Duncan’s MR test on the
interaction indicated that the blended decision-
making condition led to significantly better per-
formance under low difficulty as compared with
the action support condition with respect to al-
lowing enemy aircraft to reach the home base.
This performance enhancement of the blended
decision-making condition was not present un-
der high difficulty. This result was counter to
our hypotheses regarding the effects of levels
of automation on team effectiveness (H3, H6,
H9). However, trends across both low- and high-
difficulty conditions for each of the team effec-
tiveness measures suggested an advantage for
the information analysis automation as part of
the decision support condition (in line with hy-
potheses H6 and H9).

Workload measures. There was a significant
interaction of automation condition and level
of difficulty on the IO workload ratings, F(3,
36) = 3.5, p < .05 (see Figure 6). The results of
Duncan’s MR test on the interaction revealed
that under both low and high levels of difficulty,
the blended decision-making condition received
higher workload ratings than did action support
and decision support. In addition, under low
difficulty only, the decision support condition
received higher workload ratings than did the
action support condition. These results are con-
sistent with other research findings that some
forms of automation, particularly decision au-
tomation, may lead to increases in workload
(Clamann et al., 2002; Galster et al., 2002; Ro-
vira et al., 2002), which we expected to negative-
ly affect team coordination.

DISCUSSION

The goal of this experiment was to assess the
effect of different forms of automation on the
performance and coordination of teams. The re-
sults provide some explanation for the conflict-
ing findings with respect to automation and
teamwork. Different forms of automation in this
experiment resulted in different effects on team-
work. The automation of information acquisition

Figure 3. Anticipation ratio by automation condition.
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changed the communication patterns of teams,
as evidenced through differences in counts of
task-specific communications and in the antici-
pation ratio of communications, although this
did not affect ratings of their team coordina-
tion skills or their effectiveness in the task.

The automation of information analysis led to
higher ratings of teamwork skills. This is proba-

bly a result of a change in task strategy for some
of the teams. The automated target sort encour-
aged teams to change from a strategy in which
the AC identified the order of addressing tar-
gets to a more efficient strategy in which the IO
selected the order (reducing visual search time
on the part of the IO). The significant improve-
ment in team coordination ratings and a trend

Figure 4. Average rating of total team coordination across automation conditions.

Figure 5. Damage point ratio by automation condition and level of difficulty.
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toward higher counts of “other” communica-
tions suggest that this strategy change allowed
the team to devote more time to communications
that are indicative of greater teamwork skill
(such as the “collaborative planning” communi-
cations described by MacMillan et al., 2002).
Although these improvements in team coordina-
tion were not reflected in significant differences
in team effectiveness measures, the decision sup-
port condition did have a trend toward the high-
est team effectiveness scores overall.

Decision automation negatively affected team
coordination ratings, as expected. The higher
workload associated with this condition left lit-
tle time for teams to exhibit behaviors that rep-
resented good decision making, leadership, or
situation assessment. Counter to our hypothe-
ses, the additional information provided by this
automation condition allowed team members
to perform more effectively under low task dif-
ficulty conditions, at a cost of higher workload.
This finding suggests that advanced forms of
automation providing information analysis and
decision-making capabilities may provide some
performance advantage over other low-level
automation conditions. This result is consistent
with the finding of Endsley and Kaber (1999)
that higher LOAs, including blended decision
making, are effective in reducing task errors in
individual performance with automation. There

appeared to be a performance breakdown (see
Figure 5) associated with decision automation
under conditions of high task difficulty. Although
this does not directly support our hypothesis that
differences between automation conditions will
be more apparent at high workload (H10), it
does support the notion that potential problems
may become apparent at high levels of task dif-
ficulty.

Regarding the effects of automation on team
coordination in general, our findings were con-
sistent with previous research assessing the ef-
fects of different LOAs on human performance
(Endsley & Kaber, 1999; Kaber, Wright, &
Clamann, 2002; Laois & Giannacourou, 1995;
Ruff, Draper, & Narayanan, 2000). Automation
of early and intermediate stages of human-
machine system information processing may
have benefits with respect to teamwork, where-
as decision automation may provide benefits in
more limited contexts. However, this general
inference must be considered in light of other
factors that may interact with the automation
design in influencing team coordination. For
example, the issue of workload distribution be-
tween team members may be critical to the effec-
tiveness of automation. In the TDT, the IO was
more highly loaded than was the AC. Although
the information acquisition automation re-
duced the need for communication between

Figure 6. Automation condition by level of difficulty interaction for IO rating of task work.
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team members, it did so by adding to the IO’s
already high visual load. It is possible that this
why we did not see improvements in team coor-
dination and effectiveness for this automation
manipulation. Information analysis automation
affected the workload distribution between team
members in a different way. Although informa-
tion analysis did not reduce task-relevant com-
munications, it did appear to promote a strategy
that reduced the IO’s need for visual search and
resulted in higher ratings of team skill.

CONCLUSIONS

In general, the results of this study have prac-
tical implications for automation design in team
tasks to support team member coordination,
including support for the use of early and inter-
mediate forms of automation related to the ac-
quisition and analysis of information. Although
it is difficult to make specific automation de-
sign recommendations that generalize to a wide
variety of team tasks, our experiment provided
insight regarding the process of designing auto-
mation for team tasks. First, we recommend
the use of a task-analytic approach that consid-
ers the potential effects of automation on the
workload of both team members as well as on
team coordination strategies. For example, there
may be ways to reduce communication bottle-
necks through the automation of information
acquisition. If so, additional information should
be provided in a manner that doesn’t lead to
visual or other forms of overload. Beyond this,
automation of information analysis functions
should be used to support efficient coordination
between team members.

Second, we recommend that proposed auto-
mation design changes be evaluated through
methods that include analysis of variation in
communication patterns as well as team coordi-
nation, workload, and performance measures.
The measurement of task-specific communica-
tions in this experiment provided insight into
the way automation influenced teamwork that
would not have been apparent from counts of
total communications or ratings of team coor-
dination skills alone. Evaluations should incor-
porate the range of task load and consider the
implications of automation failures, particularly
if decision automation is to be considered.

Finally, some limitations to this study should
be noted. We did not systematically manipulate
automation of our decision-making task to al-
low for comparison of each and every form of
automation that may be described by the model
of types and levels of automation put forth by
Parasuraman et al. (2000). Rather, we consid-
ered a subset of conditions that provided some
comparisons related to relative differences in
certain combinations of automation expected in
real-world systems. The automation manipula-
tions, for the most part, affected the role of only
the IO. Future research aimed at further explain-
ing team performance effects of automation
would include an investigation of the main
effects and interactions of automation mani-
pulations along each of the four information-
processing functions identified by Parasuraman
et al. (2000) and for each of the team members,
together and in isolation, as recommended by
Jentsch and Bowers (1996). In addition, we con-
sidered only the effects of highly reliable auto-
mation. Future research may also consider how
changes in automation reliability may affect
team performance.

Even though we included multiple measures
of team communication and coordination, the
measures depended on observation of specific
communications. More direct measures of team
knowledge or team SA (Cooke, Kiekel, & Bell,
2002; Endsley, 1995) may provide further in-
sight into effects of various forms of automation
on team SA and performance. Finally, although
we provided some insight into the potential in-
teractions between various forms of automation
and team member workload distribution and
team coordination strategies, future research is
warranted to more fully explore the effects of
various forms of automation on team coordi-
nation, SA, and performance.
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