
INTRODUCTION

The introduction of automation into complex
systems such as aircraft cockpits, nuclear power
plants, and air traffic control rooms has led to a re-
distribution of operational responsibility between
human operators and computerized automated
systems. The role of the human operator, there-
fore, has metamorphosed from that of a primary
controller to that of an active teammate sharing
control with automation. Specifically, automated
decision aids are increasingly being modeled as
“partners” rather than as tools (Klein, Woods,
Bradshaw, Hoffman, & Feltovich, 2004). These
partners support or assist in performing functions
that may be difficult or even impossible for hu-
mans to perform independently.

Decision support systems (DSSs) such as these

are designed to interact or behave in a manner sim-
ilar to a human, imitating human language struc-
tures where applicable and often possessing unique
knowledge and functional algorithms that may be
inaccessible to the human teammate. The earliest
attempt at distinguishing operator trust in and use
of different types of DSS goes back to the re-
search of Turing (1950), who found that, when the
source of a piece of diagnostic information was
masked, human judges were largely unable to dis-
tinguish between a human adviser and a machine
adviser imitating a human.

More recently, several researchers have found
that human-automation teams and human-human
teams function similarly (Bowers, Jentsch, Salas,
& Braun, 1998; Bowers, Oser, Salas, & Cannon-
Bowers, 1996). Evidence suggests that people
enter into “relationships” with computers, robots,
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and interactive machines which are similar to their
relationships with other humans (Nass, Fogg, &
Moon, 1996; Reeves & Nass, 1996). Much of the
data supporting these assumptions has come from
the Computers Are Social Actors (CASA) studies
(Nass & Moon, 2000; Nass, Moon, Fogg, Reeves,
& Dryer, 1995), which have demonstrated that
social rules guiding human-human interaction
may apply equally to human-computer interac-
tion, with users responding to machines as inde-
pendent entities rather than as a manifestation of
their human creators (Sundar & Nass, 2000).

Contrary to the CASA studies, however, are
suggestions that the decision-making processes of
human-machine teams are often influenced strong-
ly by operators’ trust in an automated team mem-
ber relative to a human partner (e.g., Dijkstra,1999).
These researchers have found that initial trust in
automation tends to be higher than trust in humans
because of the existence of a bias toward automa-
tion or a “perfect automation schema” (Dzindolet,
Pierce, Beck, Dawe, & Anderson, 2001).

However, this positive bias toward automation
leads operators to be more sensitive to the errors
made by automation than by a human, leading to
a sharper drop in trust and dependence when ma-
chines generate errors (Dzindolet et al., 2001).
Lewandowsky, Mundy, and Tan (2000) found that
delegation to human collaborators was slightly dif-
ferent from delegation to automation. In human-
automation partnerships, operators perceive the
ultimate responsibility to lie with the operator,
whereas operators in a human-human partnership
may perceive the ultimate responsibility as being
shared (Lewandowsky et al., 2000).

Lee and See (2004) pointed out that the prima-
ry reason trust in humans differs from trust in ma-
chines is that the latter lacks “intentionality” or
traits such as loyalty, benevolence, and values that
are critical to the development of trust in a human
partner. This leads to differences in the process of
trust development over the course of a relationship.
Human-human trust begins with a basis in per-
formance or reliability, progresses to the level of
dependability, and finally evolves to faith (Rempel,
Holmes, & Zanna, 1985); trust in automation fol-
lows the opposite pattern of development, with faith
playing a major role in the initial stages, followed
by dependability, and then by predictability (Muir
& Moray, 1996).

As is evident from the preceding discussion, the
concept of trust in humans versus machines has

been the focus of a vast body of research over the
last decade. However, there are some marked dis-
crepancies in the current literature. Most studies on
human-automation trust have typically modeled
the human adviser as “the previous participant”
and the automated aid as “a machine,” without pro-
viding participants any background information
about the pedigree or expertise levels of these ad-
visers (e.g., Dijkstra, 1999). Such minimal infor-
mation does not provide sufficient grounds for
drawing effective comparisons between humans
and machines, and this questions the validity of the
experimental scenarios created. In a real task con-
text, operators invariably have access to back-
ground information about the expertise levels of
their advisers that would influence their advice ac-
ceptance.

Only one study has attempted to incorporate
pedigree information into the experimental sce-
nario. Lerch, Prietula, and Kulik (1997) had par-
ticipants interact with either an “expert” or a
“novice” human adviser pitted against an automat-
ed aid. However, they did not use a completely
crossed design and failed to present the automat-
ed aid as “expert versus novice.” Sheridan (2002)
and Parasuraman and Riley (1997) have opined
that there is a tendency for operators to be some-
what distrustful of new warnings, alarms, or DSSs
until such aids have proven themselves. None-
theless, studies have yet to be conducted in which
participants are explicitly informed that the auto-
mated aid is “new” or unproven in terms of its reli-
ability. Whether trust in such novice automation is
different from trust in other types of advisers needs
to be empirically examined.

Existing research on trust measurement has
seldom attempted to address critical differences
between operators’preconceived biases of a DSS
before observing the adviser’s situational reliabil-
ity and the development of trust after experiencing
the accuracy of the DSS during the course of a
task. One possible way to examine the translation
of initial biases into post hoc opinions would be to
have participants provide their a priori expecta-
tions before a task and then measure their opinions
after the conclusion of the task as well. However,
if participants were to declare their expectations of
an adviser before beginning the task, it could serve
as a “cognitive anchor” (see Madhavan & Wieg-
mann, 2005) that significantly affects the manner
in which they perceive the utility of the adviser
during the course of the task.
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In most real-world tasks, initial biases and
notions about human and automated advisers are
bound to be largely implicit in nature–that is, users
are rarely required to verbally document their
opinions of advisers prior to their interaction with
these advisers. Therefore, it is important to first
establish empirically whether such implicit biases
exist prior to operator-DSS interaction, which was
the purpose of Study 1. Second, it is of equal im-
portance to examine how biases ultimately affect
trust calibration and the use of these DSSs in an
actual task context, which was done in Study 2.
Different participants were used in the two studies
so as to avoid psychological issues related to cog-
nitive anchoring.

An additional inconsistency in the existing re-
search is that most studies have treated “agreement”
with advice as being synonymous with dependence.
However, Meyer’s (2004) current dichotomy of
compliance-reliance promises to be a more effec-
tive standpoint from which to quantify advice use
processes. According to Meyer(2004), compliance
refers to the probability of agreeing with advice
when a DSS generates a diagnosis of “target pre-
sent”; reliance refers to the probability of agreeing
with a diagnosis of “target absent.”

It is important to represent agreement as com-
pliance versus reliance because the compliance-
reliance trade-off determines the types of errors
generated by operators during a task, thereby pro-
viding the opportunity for the direct mapping of
advice use with performance efficiency. The sec-
ond purpose of Study 2, therefore, was to explore
the manner in which users comply with and rely
on advice and to examine its ultimate implica-
tions for the performance efficacy of the operator-
DSS team.

STUDY 1: ASSESSING A PRIORI BIASES

The purpose of the first study was to assess
users’ preconceived opinions of human versus
automated advisers, coupled with differences in
pedigree/expertise, before they interacted with ad-
visers in an actual task.

Method

Participants. Forty undergraduate and graduate
students (18 men, 22 women; mean age = 22.5
years) completed the experiment. Participants were
paid $8 for 1 hr of participation.

Procedure. Participants were instructed that
they were soon to perform a complex luggage in-

spection task with the assistance of four different
advisers. Participants read written descriptions of
each adviser, as shown in the Appendix (but with-
out the labels). Participants then rated their sub-
jective trust in and perceived reliability of each
adviser on adjoining questionnaires. The first
questionnaire, adapted from Jian, Bisantz, and
Drury’s (2000) System Trust Scale, addressed par-
ticipants’trust in the adviser on a scale of 1(strong-
ly disagree) to 10 (strongly agree). The second
questionnaire measured participants’ perceived
reliability of the adviser, again on a 10-point scale.
These scales are internally consistent, reliable, and
valid (Safar & Turner, 2005). All participants re-
ceived all descriptions, and the scenarios were
counterbalanced across participants.

Hypotheses. Based on findings on human per-
ception of automated and human advisers (e.g.,
Dzindolet, Pierce, Beck, & Dawe, 2002; Dzindolet
et al., 2001; Lerch et al., 1997) and the effects of
framing on automation trust (e.g., Dzindolet et al.,
2002; Lacson, Wiegmann, & Madhavan, 2003),
we hypothesized trust in automation to be higher
than in humans when portrayed as novices, as auto-
mation is perceived as more rational than humans
(e.g., Dijkstra, 1999). When both are portrayed as
experts, we expected human advisers to be trusted
more than automated aids, as portraying a human
as an expert will lead to the association of higher
dispositional credibility (i.e., degree of trustwor-
thiness based on personal traits) with the human
(see Lerch et al., 1997).

We predicted automated advisers to be per-
ceived as more reliable than human advisers at
both pedigree levels. This was based on our the-
oretical premise that “perceived reliability” (i.e.,
expected performance accuracy) is an index of
performance and is less likely to be influenced by
disposition.

Results

We analyzed the data using 2 (source: human
vs. automated adviser) × 2 (pedigree: expert vs.
novice) within-subjects two-tailed ANOVAs. These
were followed by post hoc comparisons, with alpha
values less than .05 being reported as significant.
Additionally, we used Cohen’s d as a measure of
effect sizes.

Subjective trust ratings. A2 (source: human vs.
automated adviser) × 2 (pedigree: novice vs. ex-
pert adviser) within-subjects ANOVA on consoli-
dated trust scores revealed significant main effects
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for source, F(1,156) = 2.9, p = .0009, and pedigree,
F(1, 156) = 108.87, p = .0001, as well as an inter-
action between source and pedigree, F(1, 156) =
10.42, p =.008. In support of the hypotheses, expert
advisers were perceived as more trustworthy than
novices. When advisers were portrayed as novices,
trust in the automated aid (M = 6.18, SD =1.42) was
higher than in the human adviser (M = 5.15, SD =
1.56), t(78) = 3.06, p = .0091, d = 0.69. However,
when advisers were portrayed as experts, trust was
higher in the human (M = 8.00, SD = 1.08) than
in the automated adviser (M = 7.00, SD = 1.13),
t(78) = 1.28, p = .01, d = 0.30.

Perceived reliability ratings. A 2 (source: hu-
man vs. automated adviser) × 2 (pedigree: novice
vs. expert adviser) within-subjects ANOVA on
consolidated reliability scores revealed significant
main effects for source, F(1, 156) = 5.4, p = .007,
and pedigree, F(1, 156) = 119.41, p < .0002, but
no interaction between source and pedigree, F(1,
156) = 0.12, p = .31. Contrary to the pattern for trust
ratings, automated advisers (M = 6.95, SD = 1.63)
were perceived as significantly more reliable than
human advisers (M = 5.95, SD = 1.39), t(78) =
2.71, p = .043, d = 0.62, at both levels of pedigree.

Discussion

Subjective biases and preconceived notions are
often largely responsible for operators’choices to
trust and use a DSS. Research suggests that subtle
differences exist in human perceptions of auto-
mated aids as compared with human advisers (see
Dijkstra, 1999; Dzindolet et al., 2001; Lerch et al.,
1997). According to Dzindolet et al. (2001), users
have preconceived notions of automated aids be-
ing perfect or near perfect (“perfect automation
schema”); humans, on the other hand, are judged
to be less perfect but more consistent in terms of
traits and behavioral patterns (Dijkstra, 1999). The
primary purpose of Study1was to isolate such pre-
conceived notions regarding human versus auto-
mated advisers.

In keeping with the hypotheses, participants
demonstrated a higher degree of trust in automa-
tion aids than in humans when the advisers were
novices. However, when they were portrayed as
experts, there was evidence of a reversal in subjec-
tive trust estimates, which represents an interaction
between preconceived biases about information
source and pedigree. Research has revealed that
humans judge other humans based on traits, where-
as automation is judged more by its performance

in a particular context (Lerch et al., 1997). In the
present study, participants merely read descrip-
tions of their advisers without being provided any
specific information about (or experience of) the
advisers’performance accuracy. Therefore, partic-
ipants’ subjective assessments of trust were large-
ly influenced by pedigree or apparent credibility
of advisers.

When advisers were portrayed as novices, the
credibility of the human was low and generated a
low level of trust relative to the automated adviser.
On the other hand, when advisers were portrayed as
experts, it likely raised the dispositional credibili-
ty of the human above that of the automated advis-
er, eventually leading to a reversal in the perceived
trustworthiness of advice. Because humans are
judged more by dispositional factors than are auto-
mated aids (see Lerch et al., 1997) and participants
were provided information on the dispositional
features of their advisers alone, with no informa-
tion on their task performance, this difference in
background information provides an explanation
for the observed skew in favor of human advisers
in the present study.

Participants demonstrated a different pattern of
preference in their estimates of perceived reliabil-
ity of advice, which was always higher for automa-
tion than for humans, both for novice and expert
advisers. Reliability addresses an entity’s ability to
perform a particular task, as opposed to trust, which
taps into dispositional features. Consequently, auto-
mation, which is judged by its situational perfor-
mance, was perceived as more reliable than human
advisers, regardless of pedigree. The reasons for
these differences between the effects of situational
reliability and dispositional credibility, however,
are conjecture and need to be examined empir-
ically, which forms the premise for the luggage-
screening experiment described in Study 2.

The results of Study 1 indicate that subjective
biases and preconceived notions of human versus
automated advisers exert a strong influence on
operators’perceptions of advice from either source.
The question that arises is whether these subjective
biases translate into operators’decisions to accept
or reject information from human and automated
advisers, or whether they are tempered or mediat-
ed by the actual accuracy of advice. Furthermore,
the results suggested the need for a consolidated
experimental paradigm that (a) provides partici-
pants dispositional information about their advis-
ers and (b) allows users to visually observe the
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performance of their advisers during the task. Such
an experimental design is described in Study 2.

STUDY 2: ASSESSING USE OF ADVICE
AND POST HOC TRUST

In the literature on human interaction with deci-
sion aids, there exists an entire range of tasks, from
simple generic target-detection tasks (e.g., look-
ing for numbers among letters; Madhavan,Wieg-
mann, & Lacson, 2006), to moderately complex
paper-and-pencil decision-making tasks (Dijkstra,
1999; Lerch et al., 1997), to tasks involving high-
ly complex automation (Lee & Moray, 1994; Para-
suraman & Riley, 1997). These tasks represent a
continuum of contexts (from the very simple to the
very complex) in which human cognition and de-
cision making can be assisted by implementing
DSSs of various levels of sophistication.

The task we present in Study 2 is a binary detec-
tion task. The DSSs performed the functions of
Stage 2 (diagnostic) automation, in which they pro-
vided the participant with a consolidated diag-
nosis of the situation (presence or absence of a
target). Participants then used this information to
generate a decision to stop or pass a piece of pas-
senger luggage in an airport security task.

In this study we examined whether (a) the ini-
tial subjective biases (demonstrated by participants
in Study 1) can logically relate to the objective use
of advice by another set of participants and (b) the
a priori opinions of participants in Study 1 differ
significantly from post hoc opinions of the DSSs
generated by participants in Study 2.

Method

Participants. A total of 180 (72 men, 108 wo-
men; mean age = 20.5 years) undergraduate and
graduate students were paid $8 for 1 hr of partic-
ipation.

Procedure. Participants completed 200 trials of
a computer simulation task that required them to
detect the presence of a hidden weapon embedded
in various types of airline passenger luggage de-
picted on a screen. The stimuli consisted of two-
color x-ray images of luggage, densely cluttered
with a variety of everyday objects (e.g., clothes,
hair dryers, pill bottles). Participants received assis-
tance from an adviser that represented the diag-
noses of either an automated system or a human
participant, in the form of a text message on the
screen. In reality, all participants received assis-

tance from the same computer program. They be-
lieved the source was different, based on one of
the descriptions of advisers (shown in Appendix
A) that they were provided prior to their beginning
the task. Participants input their own decision after
receiving the adviser’s diagnosis.

The probability of the adviser generating a hit/
correct rejection or a miss/false alarm was either
.70 and .30 (low-reliability condition) or .90 and
.10 (high-reliability condition), respectively. The
criterion setting (beta) for both aids was 1 – that
is, the aids had an equal probability of generating
hits and correct rejections. No participants were
given any information about the true reliability of
the adviser. The information source (human or
automated), pedigree (novice or expert), and reli-
ability (low or high) of the adviser varied as per
experimental group. In addition to the eight exper-
imental groups, an additional group (n = 20) per-
formed the task unaided. At the end of each trial
participants received feedback as to whether they
had generated a hit, miss, false alarm, or correct re-
jection. After the 200 trials, participants estimated
their trust in and perceived reliability of advisers
on postexperimental questionnaires.

Hypotheses. We expected situational factors to
mediate the effects of dispositional features in this
study. When adviser reliability was high (90%),
we expected agreement with automated aids to
be higher than with human advisers, as the near-
perfect accuracy rate of advice will maintain users’
perfect automation schema. When advisers were
70% reliable, we expected agreement with automa-
tion to be higher than with humans when advisers
were portrayed as novices. When they were por-
trayed as experts, we predicted agreement with the
automated expert to drop below that with the hu-
man because errors generated by automation (with
30% frequency) are more likely to be noticed by
users because of the disruption of the perfect auto-
mation schema (Dzindolet et al., 2001), leading to
a rapid breakdown in agreement.

Results

Given the between-groups design of this study,
we analyzed the data using mixed two-tailed
ANOVAs. Similar to Study 1, these were followed
by post hoc comparisons, with alpha values less
than .05 being reported as significant. Again, we
used Cohen’s d as an index of effect size.

Advice acceptance. Data for computing agree-
ment with the adviser (for aided groups) were
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grouped into five blocks of 40 trials each, so as to
trace any changes during the course of the task.
Compliance was calculated as the conditional
probability of the participant saying “target pre-
sent” given that the adviser said “target present,”
or p(Oy|Ay) (Oy = operator says “yes”; Ay = ad-
viser says “yes”). Reliance was calculated as the
conditional probability of the participant saying
“target absent” given that the adviser said “target
absent,” or p(On|An) (On = operator says “no”;
An = adviser says “no”).

A 2 (source: human vs. automated adviser) × 2
(pedigree: expert vs. novice)×2(reliability: 90% vs.
70% reliable adviser) × 2 (response type: compli-
ance vs. reliance)×5(trial block) mixed ANOVAon
agreement with advice revealed significant main
effects for reliability, F(1, 152) = 35.52, p = .004,
response type, F(1, 152) = 152.73, p = .0001, and
trial block, F(4, 608) = 6.79, p = .0051. Results also
revealed the following interactions: reliability and
response type, F(1,152) = 5.59, p = .006; reliability
and trial block, F(4, 608) = 6.79, p = .0072; pedi-
gree and trial block, F(4, 608) = 4.09, p = .0081;
pedigree, reliability, and trial block, F(4, 608) =
3.90, p = .009; and a five-way interaction among
source, pedigree, reliability, response type, and trial
block, F(4, 608) = 3.18, p = .0064.

Overall, agreement with 90% reliable advisers
(M = .51, SD = .11) was consistently higher than
with 70% reliable advisers (M = .41, SD = .10).
Therefore, we analyzed the data for compliance

and reliance within reliability levels. Analysis of
agreement rates of participants receiving 90% reli-
able advice did not reveal significant effects of
source or pedigree. Therefore, we present data only
for participants receiving 70% reliable advice.

For compliance strategies, a 2 (source: human
vs. automated adviser)×2(pedigree: expert vs. nov-
ice) × 5 (trial block) mixed ANOVAwith 70% reli-
able advisers revealed no significant main effects.
However, results revealed significant interactions
between source and trial block, F(4, 304) = 2.73,
p = .043, pedigree and trial block, F(4, 304) =
3.69, p = .003, and, source, pedigree, and block, F(4,
304) = 4.31, p = .0072. Participants’ compliance
strategies are illustrated in Figure1. Participants us-
ing expert advisers demonstrated an initial pattern
of compliance that contradicted hypotheses.

There were no significant differences in com-
pliance between expert human and automated ad-
visers until the fourth trial block. In the fourth and
fifth trial blocks, compliance with the expert auto-
mated adviser (M = .41, SD = .17) dropped below
that with the expert human adviser (M = .58, SD =
.21), t(38) = 2.70, p = .035, d = 0.88. On the other
hand, when advisers were portrayed as novices,
compliance with the automated adviser (M = .56,
SD = .21) was higher than that with the human
adviser (M = .52, SD = .20), t(38) = 1.43, p = .067,
d = 0.46, throughout the task, although this dif-
ference did not reach statistical significance.

For reliance strategies, a 2 (source: human vs.
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Figure 1. Compliance rates of participants receiving 70% reliable advice.
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automated adviser) × 2 (pedigree: expert vs. nov-
ice) × 5 (trial block) mixed ANOVA revealed a
significant main effect for trial block, F(4, 304) =
4.33, p = .0033, a significant interaction between
pedigree and trial block, F(4, 304) = 1.63, p = .025,
and a three-way interaction among source, pedi-
gree, and block, F(4, 304) = 1.88, p = .035. Similar
to the results for compliance strategies, and as de-
picted in Figure 2, there were no significant dif-
ferences in reliance between expert human and
automated advisers until the last trial block. How-
ever, reliance on advice in the fifth trial block for
participants using the expert automated adviser
(M = .81, SD = .10) was significantly lower than
for those using the expert human adviser (M = .84,
SD = .12), t(38) = 1.66, p = .051, d = 0.54.

Again, when advisers were portrayed as novices,
reliance on the automated adviser (M = .85, SD =
.099) was generally higher than that on the human
adviser (M = .78, SD = .14) throughout the task.
However, this difference did not reach statistical
significance, t(38) = 1.86, p = .07, d = 0.60.

For sensitivity (d′), all aided participants were
significantly more sensitive (90% reliable group:
M =1.58, SD = 0.57; 70% reliable group: M = 0.68,
SD = 0.35) than unaided participants (M = 0.38,
SD = 0.38), 70% reliable group, t(98) = 3.43, p =
.001, d = 0.69; 90% reliable group, t(98) = 8.96, p =
.0035, d =1.81. Participants receiving 90% reliable
advice performed significantly better (hit rate: M=
.70, SD = .18; correct rejection rate: M = .83, SD =

.073) than unaided participants (hit rate: M = .34,
SD = .16), t(98) = 8.05, p = .0056, d =1.63 (correct
rejection rate: M = .78, SD = .14), t(98) = 2.5, p =
.045, d = 0.51. However, participants receiving
advice from 70% reliable advisers (hit rate: M=.51,
SD=.14; correct rejection rate: M = .73, SD = .11)
performed better than unaided participants only on
target trials, t(158) = 7.28, p = .0071, d = 1.16, but
not on nontarget trials, t(98)=1.57, p =.12, d=0.32.

A 2 (source: human vs. automated adviser) × 2
(pedigree: expert vs. novice) × 2 (reliability: 90% vs.
70% reliable adviser) × 5 (trial block) ANOVAon
sensitivities of aided participants revealed a sig-
nificant main effect only for reliability, F(1,152) =
143.14, p = .0001. As expected, participants receiv-
ing advice from 90% reliable advisers were more
sensitive than those using 70% reliable advisers,
t(158) = 12.43, p = .006, d = 1.98. As a result, par-
ticipants receiving 90% reliable advice performed
the task at a significantly higher level of accuracy
than participants receiving 70% reliable advice;
hit rate: t(98) = 4.65, p = .0092, d = 0.94; correct
rejection rate: t(98) = 6.82, p = .0071, d = 1.09. The
lack of significant source and pedigree effects on
sensitivities suggests that performance differences
among aided groups that go beyond broad reliabil-
ity differences were primarily attributable to shifts
in decision criteria or beta.

Criterion settings (beta) and accuracy. The cri-
terion setting of unaided participants (M = 1.38,
SD = 0.44) did not differ significantly from that of
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Figure 2. Reliance rates of participants receiving 70% reliable advice.
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aided participants (M = 1.52, SD = 1.00), t(98) =
0.36, p = .72, d = 0.07. A2 (source: human vs. auto-
mated adviser) × 2 (pedigree: expert vs. novice) ×
2(reliability: 90% vs. 70% reliable adviser)×5(trial
block) ANOVA on criterion settings revealed a
significant main effect for pedigree, F(1, 152) =
2.28, p = .021, and a four-way interaction among
source, pedigree, reliability, and trial block, F(4,
608) = 1.19, p = .037. The criterion settings of par-
ticipants utilizing 90% reliable advice were not
affected significantly by the pedigree or source of
advice. Therefore, we present the data for those
receiving 70% reliable advice alone.

Given the ratio of noise (.80) to signal (.20) trials,
the optimal beta setting for participants was 4. A 2
(source: human vs. automated adviser) × 2 (pedi-
gree: expert vs. novice)×5(trial block) ANOVAon
criterion settings of participants utilizing 70% reli-
able advisers revealed a significant main effect for
pedigree, F(1, 76) = 1.41, p = .035, and a signifi-
cant interaction among source, pedigree, and trial
block, F(4, 304) = 1.20, p = .042. As indicated by
the main effect for pedigree, criterion settings of
participants receiving expert advice (M = 1.77,
SD=0.34) were higher and more conservative than
those of participants receiving novice advice (M =
1.48, SD = 0.42), t(38) = 1.77, p = .035, d = 0.61,
across all trial blocks for both human and auto-
mated advisers.

When advisers were human, a conservative cri-
terion setting led participants receiving expert ad-

vice to generate more target-absent responses and,
consequently, fewer hits (M = .48, SD = .15) and
fewer false alarms (M = .26, SD = .11) across trial
blocks than did those using novice human advisers
(hits: M = .53, SD = .13), t(38) = 1.90, p = .034, d =
0.62 (false alarms: M = .29, SD = .14), t(38) = 1.82,
p = .033, d = 0.59, who demonstrated a relatively
smaller shift from the adviser’s beta. Likewise, with
automated advisers, a liberal criterion setting led
participants using novice advisers to generate more
target-present responses and, consequently, more
hits (M = .54, SD = .13), t(38) = 1.99, p = .023, d =
0.62, and slightly more false alarms (M = .29, SD =
.14), t(38) = 1.82, p = .09, d = 0.59, than did partic-
ipants receiving expert advice, although the latter
difference did not approach statistical significance.

As illustrated in Figure 3, participants using
human advisers demonstrated no changes in their
pattern of criterion settings across trial blocks at
both pedigree levels. On the contrary, criterion set-
tings of participants using automated advisers
demonstrated different patterns of change over the
course of the task as a function of pedigree.

Participants using expert automated advisers
demonstrated a significant upward shift in crite-
rion settings (away from the aid’s neutral beta,
toward optimal beta) over the course of the exper-
iment (first trial block: M = 1.73, SD = 033; fifth
trial block: M = 1.82, SD = 0.40), t(19) = 1.99, p =
.041, d = 0.91. On the other hand, participants re-
ceiving novice automated advice demonstrated a
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Figure 3. Criterion settings of participants receiving 70% reliable advice.
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significant downward shift in criterion settings
(toward the adviser’s neutral beta, away from op-
timal beta) over the five trial blocks (first trial
block: M = 1.5, SD = .26; fifth trial block: M = 1.4,
SD = 0.27), t(19) = 1.21, p = .045, d = 0.56. Con-
sequently, the differences in beta for the expert and
novice automated groups generally got larger over
blocks, whereas the differences in beta for those
receiving advice from either expert or novice hu-
man advisers stayed the same.

Trust ratings. A 2 (source: human vs. automat-
ed adviser) × 2 (pedigree: expert vs. novice) × 2
(reliability: high vs. low) mixed ANOVA on trust
scores revealed significant main effects for source,
F(1, 152) = 3.16, p = .0001, pedigree, F(1, 152) =
3.33, p = .004, and reliability, F(1, 152) = 43.23,
p = .0064. In keeping with hypotheses, trust in
90% reliable advisers (M = 7.12, SD = 1.28) was
significantly higher than that in 70% reliable advis-
ers (M = 5.71, SD = 1.43), t(158) = 6.5, p = .003,
d = 1.03. Trust in automated advisers (M = 6.61,
SD = 1.41) was always higher than that in human
advisers (M = 6.22, SD = 1.62), t(158) = 1.58, p =
.038, d = 0.25, and expert advisers were trusted
(M = 6.60, SD =1.50) significantly more than nov-
ice advisers (M = 6.20, SD = 1.53), t(158) = 1.62,
p = .0063, d = 0.26. Contrary to the pattern observed
in Study 1, there were no significant interactions
between source and pedigree in the present study.

Perceived reliability ratings. A 2 (source: hu-
man vs. automated adviser) × 2 (pedigree: expert
vs. novice) × 2 (reliability: high vs. low) × 2 (re-
sponse type: hit rate, correct rejection rate) mixed
ANOVAon participants’estimates of hit rates and
correct rejection rates revealed a significant main
effect only for reliability, F(1, 152) = 82.76, p =
.002, and nonsignificant interactions between
pedigree and reliability, F(1,152)=3.38, p = .068,
and among source, pedigree, and reliability, F(1,
152) = 3.77, p = .054. Similar to trust ratings, 90%
reliable advisers (M = 82.5%, SD = 11.76%) were
perceived as more accurate than those that were
70% reliable (M = 62.55%, SD =15.45%), t(158) =
9.18, p = .0042, d = 1.46.

Given the similarity in perceived hit rates and
correct rejection rates, we grouped these estimates
into a consolidated perceived reliability rating.
Similar to the data for compliance and reliance, we
present the data for perceived reliability grouped
within reliability levels.

For 90% reliable advisers, a 2 (source: human
vs. automated adviser) × 2 (pedigree: expert vs.

novice) ANOVAon perceived reliability estimates
of participants revealed a significant main effect for
pedigree alone, F(1, 76) = 1.32, p = .046. Expert
advisers (M = 84%, SD = 10.64%) were perceived
as more reliable than novice advisers (M = 78.3%,
SD = 15.76%), t(38) = 1.39, p = .033, d = 0.45, for
both human and automated advisers. All partici-
pants utilizing 90% reliable advice underestimated
the actual reliability of their advisers. However, one-
sample t tests comparing participants’ estimates
with actual reliability revealed that participants us-
ing expert advisers were better calibrated in their
assessments (mean difference = 4.75), t(19) = 2.54,
p = .042, d = 1.17, than those using novice advis-
ers (mean difference = 9.85), t(19) = 2.65, p = .036,
d = 1.22.

For 70% reliable advisers, a 2 (source: human
vs. automated adviser) × 2 (pedigree: expert vs.
novice) ANOVAon perceived reliability estimates
of participants revealed no significant main ef-
fects but did show a significant interaction between
source and pedigree, F(1, 76) = 1.08, p = .033. For
human advisers, perceived reliability of the ex-
pert (M = 67.3%, SD = 15.25%) was significantly
higher than that of the novice (M = 59.9%, SD =
19.35%), t(38) = 1.54, p = .025, d = 0.50. Howev-
er, for automated advisers, perceived reliability of
the novice (M = 67.6, SD = 16.25) was higher than
that of the expert (M = 60.07%, SD = 19.1%),
t(38) = 0.82, p = .12, d = 0.27, albeit nonsignifi-
cantly. Almost all participants were well calibrated
in their perceptions of the adviser reliability, except
those using novice human advisers, who signif-
icantly underestimated reliability (mean differ-
ence = 10.1), t(19) = 2.34, p = .017, d = 1.07.

Discussion

The results of Study 1 revealed that users hold
preconceived biases or notions about human and
automated advisers even prior to interacting with
these advisers. The purpose of Study 2, therefore,
was to examine the effects of these different sourc-
es of diagnostic advice on the efficacy of decision
making in an actual task environment.

Behavioral dependence on advisers. When ad-
vice was 90% reliable, the high situational relia-
bility of advice compensated for the effects of
source and pedigree, suggesting that near-perfect
adviser accuracy appears to have a stronger psy-
chological impact on advice use than does dispo-
sitional information about the source of advice.
However, not all real-world DSSs are likely to
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function at such high levels of reliability, so we
examined how users respond to DSSs of a lower
reliability level.

When advice was 70% reliable, results sug-
gested that merely portraying the human adviser as
an expert led users to agree more with the advice,
regardless of accuracy. However, participants re-
ceiving 70% reliable advice from automated advis-
ers demonstrated a pattern of dependence that
reflects a breakdown in the perfect automation
schema. When automated aids were portrayed as
experts, initial expectations were likely very high
(as revealed in Study 1). However, when partici-
pants observed their adviser generating errors on
30% of occasions, it likely led to a rapid break-
down in initial expectations, thereby generating a
negative trend in dependence.

Decision criterion settings. When advice was
70% reliable, there were differences in the degree
of shift away from or toward neutral beta as a func-
tion of adviser pedigree. Applying the results of
Study 1 to the choice of dependence strategies, it
follows that participants receiving advice from
novices had lower initial expectations of the accu-
racy of their advisers. Therefore, they intentional-
ly set their decision criteria at a more liberal level,
possibly to maximize their hits and minimize the
probability of their missing a target if the advis-
er missed a target. Unlike participants receiving
advice from novices, those receiving advice from
experts had higher initial expectations of their ad-
visers’ abilities. Therefore, their decision criteria
were set at a more conservative level in order to
minimize the probability of false alarms while si-
multaneously maximizing the probability of their
detecting a target when the adviser detected one.

As hypothesized, because the initial high ex-
pectations of participants using expert advisers
were violated by the low accuracy level of 70% re-
liable expert advisers, they presumably developed
their own beta by shifting away from the adviser’s
neutral bias (toward optimal). Conversely, the
data suggest that participants receiving assistance
from novice advisers anchored more strongly to
the response bias of their advisers and did not devi-
ate as much from this neutral bias because their
trust was not violated as much as it was for those
using experts.

Subjective trust and perceived reliability. As in-
dicated by the results of Study 1, initial trust in and
expectations about novices are significantly lower
than those for experts. According to Madhavan

et al. (2006), the perceived reliability of advice is
affected strongly when operators observe advisers
generating errors that appear easy to the operator
(the “easy errors hypothesis”), regardless of the
actual accuracy of advisers.

In the present study, participants using novice
advisers were likely more sensitive to “easy” advis-
er errors (e.g., instances when the adviser missed
a knife and the participant easily saw the knife)
because of their prematurely low expectations of
novice advisers. Such expectancy-driven judg-
ments possibly led to a greater degree of miscal-
ibration of reliability, relative to those receiving
expert advice. Conversely, high initial expecta-
tions of participants receiving expert advice (also
observed in Study 1) were likely maintained by
the 90% near-perfect performance of expert advis-
ers, leading to better calibration of reliability.

This potential interaction of source and pedi-
gree on perceived reliability (when advice was
70% reliable) contradicts the pattern observed in
Study 1, wherein subjective trust was more strong-
ly affected by the interaction than was perceived
reliability. This suggests that preconceived biases
about humans and machines (measured in Study
1) influence operators’perceptions of human ver-
sus automated advisers in a manner different from
biases that develop as a consequence of operators’
interaction with advisers (measured in Study 2).

The opportunity to observe the situational re-
liability of the adviser in Study 2 possibly led to
participants basing their subjective opinions more
on situational factors than on dispositional factors,
ultimately leading to significant effects on per-
ceived reliability and not on subjective trust. These
results support our premise that subjective trust
and perceived reliability tap into different cogni-
tive processes of users. The implications of these
results for the development of a model of trust in
humans and machines, and potential suggestions
to the designers of DSSs, are discussed next.

GENERAL DISCUSSION

The results of the present studies support the
model of trust in human advisers versus automat-
ed aids developed recently by Madhavan and
Wiegmann (2007). According to this model, trust
in automated systems develops in a manner akin
to trust among humans; however, there are critical
differences in the manner in which people react to
automated advice versus human advice, which are
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particularly salient when advisers begin generat-
ing errors. This model suggests that calibration of
user trust in a DSS can be improved by attempting
to bridge the gap between human perceptions of
humans versus machines by incorporating “hu-
manlike” characteristics into the design of auto-
mated systems. Such anthropomorphizing will
eventually lead to comparable levels of trust among
human and automated DSSs with varying pedigree
and reliability levels.

However, the present studies point to the pri-
mary weakness in this reasoning because opera-
tors are typically prone to preconceived notions
and biases about humans versus automation. These
a priori biases continue to influence advice accep-
tance when users observe the situational accuracy
of these advisers, even when automated aids be-
have in a manner identical to human advisers.
Therefore, associating humanlike characteristics
with machines may not, in most circumstances,
necessarily help equate human perceptions of au-
tomation to perceptions of other humans.

Perhaps providing operators with a rationale as
to why automation might differ from a human
might assist the calibration of trust more effective-
ly than trying to make automation appear similar
to a human. Providing operators the opportunity to
understand the functions and limitations of a DSS
will help operators develop a clearer model of sit-
uations when a machine’s algorithms might fail,
providing the operator opportunities to cognitively
compensate for machine errors. This debate between
the psychological effects of anthropomorphizing
of machines versus the benefits of increasing the
salience of human and automation differences is
an issue that requires further exploration.

Conclusions

The present experimental paradigms provide
data on the manner of trust development in systems
and humans. However, there are certain limita-
tions. The extent to which real-world operators will
demonstrate the observed biases and response ten-
dencies is likely to be a function of several factors,
including the operator’s training and expertise,
cultural factors that determine the user’s degree
of “comfort” with the DSS, and the consequences
associated with correct and incorrect decisions
(Dzindolet et al., 2002).

Study 2 used a relatively contrived situation in
which there were no specific consequences for
wrong decisions. Such a situation is not compara-

ble to that faced by a physician who cannot afford
to misdiagnose an illness by incorrectly utilizing
information from an automated aid or by a luggage
screener who could face fatal consequences by
failing to diagnose a weapon. The base rate of tar-
get stimuli in Study 2 was higher than would be the
case in a real luggage-screening task, and partic-
ipants received feedback after each trial, which is
more frequent than feedback mechanisms in the
real world.

Despite these limitations, the current studies
provide valuable information for the development
of a conceptual framework of DSS trust and use
in complex environments. Apotential suggestion
to the designers of DSSs is to design systems that
elicit appropriate compliance or reliance strate-
gies so as to reduce the occurrence of a costly miss
or a false alarm. Amore challenging suggestion is
to arrive at the optimal reliability level that would
provide positive assistance while minimizing the
negative complacency effects associated with
“overly reliable” automation.

As computer-based decision aids are increas-
ingly being incorporated in organizations, more
critical decisions are being influenced by com-
puter systems. From the results of both studies, it
follows that internal attributes of a DSS, when
combined with extraneous information on the ad-
viser’s apparent pedigree, evidently has a stronger
effect on DSS trust and dependence than does the
objective reliability of advice in itself. Thus, it is
to the exploration and manipulation of the internal
attributes of these systems that attention must be
paid, in order to generate concrete recommenda-
tions for the successful design of future DSSs and
to ensure the seamless flow of communication
between systems and humans.

APPENDIX

The Novice Human Adviser

“Imagine you are going to perform a difficult
luggage inspection task at a busy airport. You have
the option of receiving assistance from a novice
student named BILL JOHNSON. BILL JOHN-
SON is currently an undergraduate student and has
no prior experience in real world luggage screen-
ing tasks. He is currently majoring in criminology
at a small technical college in the Midwest and is
interested in specializing in antiterrorism and air-
port security. However, BILLis still a novice when
it comes to modern terrorist tactics. He possesses
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limited knowledge of the types of modern weap-
ons and explosives commonly smuggled aboard
aircraft. He also has a partial understanding of the
tactics and strategies used by terrorists to conceal
weapons and explosives inside luggage. BILLhas
recently applied for an internship at the Transpor-
tation Safety Administration (TSA) to help over-
see security operations.”

The Expert Human Adviser

“Imagine you are going to perform a difficult
luggage inspection task at a busy airport. You have
the option of receiving assistance from an expert
in airport security named DR. BILL JOHNSON.
DR. BILL JOHNSON was originally trained as a
luggage screener, serving 10 years in some of the
busiest airports in the United States. He went on to
earn his Ph.D. in criminology from the Massachu-
setts Institute of Technology (MIT), specializing
in antiterrorism and airport security. DR. BILL
JOHNSON is an expert when it comes to modern
terrorists’ tactics. He possesses extensive knowl-
edge of the types of modern weapons and explo-
sives commonly smuggled aboard aircraft. He also
has a keen understanding of the tactics and strate-
gies used by terrorists to conceal weapons and ex-
plosives inside luggage. DR. BILLJOHNSON has
recently been appointed by the Transportation
Security Administration (TSA) to oversee securi-
ty operations at Chicago’s O’Hare International
Airport, which is one of the largest airports in the
world.”

The Novice Automated Adviser

“Imagine you are going to perform a difficult
luggage inspection task at a busy airport. You have
the option of receiving assistance from a novice
computer system called DETECTOR, which is an
automated diagnostic aid that has been designed
to identify hidden contraband in airline passenger
luggage. DETECTOR is based upon the technol-
ogy traditionally used at major airport security
checkpoints over the past 10 years. DETECTOR
was designed and developed at a small technical
college in the Midwest, which contains a recently
established department in antiterrorism and airport
security. It currently possesses a limited database
of the types of modern weapons and explosives
commonly smuggled aboard aircraft. Its algo-
rithms are relatively unsophisticated in their at-
tempts to capture the tactics and strategies used by
terrorists to conceal weapons and explosives in-

side luggage. The Transportation Security Admin-
istration (TSA) is considering whether to conduct
a limited field test of DETECTOR at a small air-
port in the hope of making it employable at larg-
er airports to enhance security operations in the
future.”

The Expert Automated Adviser

“Imagine you are going to perform a difficult
luggage inspection task at a busy airport. You have
the option of receiving assistance from an expert
computer system called SUPER-DETECTOR,
which is an automated diagnostic aid that has been
programmed to identify hidden contraband in air-
line passenger luggage. SUPER-DETECTOR is
based upon, yet far exceeds, the technology tradi-
tionally used at major airport security checkpoints
over the past 10 years. SUPER-DETECTOR was
designed and developed at the Massachusetts In-
stitute of Technology (MIT), which contains a
highly specialized department in antiterrorism and
airport security. It possesses an extensive database
of the types of modern weapons and explosives
commonly smuggled aboard aircraft. Its algo-
rithms are highly sophisticated and effectively
capture the tactics and strategies used by terrorists
to conceal weapons and explosives inside luggage.
SUPER-DETECTOR has recently been employed
by the Transportation Security Administration
(TSA) to enhance security operations at Chicago’s
O’Hare International Airport, which is one of the
largest airports in the world.”
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