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Abstract 

A primary aim of human–AI teaming is to achieve better collaborative performance than either can achieve alone. 
Despite considerable efforts in this direction, issues such as overreliance of users on decision aids continue to be 
a challenge which prevent this. In this study, we evaluated the potential of non-concurrent advice presentation 
as a strategy to reduce overreliance in a face-matching task. We conducted three pre-registered experiments examin‑
ing (a) on-demand binary advice, (b) on-demand similarity ratings, and (c) conditional advice (i.e. advice presented 
only if participants’ initial unaided decision is different from the AI prediction), compared to concurrent advice. Across 
all experiments, we did not find significant differences in the overall performance of participants in the concur‑
rent vs. experimental conditions. But, we found that participants followed AI advice more when they demanded it. 
Conversely, when they demanded similarity ratings, they followed advice less. Thus on-demand similarity ratings 
reduced overreliance on AI compared to concurrent similarity ratings presentation. However, overall, similarity ratings 
were not more helpful compared to basic advice. We also found that participants were less likely to follow AI advice 
when presented after their initial unaided decision contradicted the AI prediction and were more confident in reject‑
ing incorrect advice, but not as confident when accepting correct advice. Overall, non-concurrent paradigms have 
potential to reduce overreliance, but at the cost of underreliance on correct advice.

Significance statement 

As AI-based tools become more common in everyday decision-making, it is crucial to understand how the human 
user interacts with and utilizes the input received from the AI. One issue that is a continuing challenge in the effective 
integration of AI tools is overreliance of users on AI. As highly accurate AI tools, too, are susceptible to errors, overreli‑
ance on these tools can be detrimental to human-AI collaboration. Therefore, it is important to identify appropriate 
methods and designs that can help users accurately calibrate their level of trust and reliance on AI tools. Using a one-
to-one face matching paradigm, our study tested whether changing when people see AI advice, such as, only show‑
ing advice when the user demands it or when there is an incongruency between the AI’s judgement and the deci‑
sion made by the human, could reduce the problem of overreliance. Our findings suggest that delaying the input 
from the AI and showing it selectively can reduce overreliance, but it also reduces overall reliance on the AI, meaning 
that users also disregard correct advice more frequently. Therefore, in terms of concurrent vs. non-concurrent advice 
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presentation, there appears to be no one-size-fits-all solution; rather, it is essential to consider the context and use 
case in order to determine the most appropriate design for human-AI interaction.

Keywords  Human–AI interaction, Face matching, Artificial intelligence, Decision-making, AI advice, Overreliance

Introduction
The rapid developments in the field of Artificial Intelli-
gence (AI) have resulted in its increased deployment in 
AI-based Decision Support Systems (AI-DSS) in vari-
ous fields (Higgins et  al., 2023; Rajpurkar et  al., 2022; 
Yousaf et al., 2023). Although AI technology is improv-
ing rapidly, with accuracy rates of many algorithms 
outperforming humans (Agarwal et  al., 2024; Choi & 
Schwarcz, 2023; Jansen et  al., 2024; Yoon et  al., 2023), 
their effective integration as decision aids to humans 
has been less than ideal (Steyvers & Kumar, 2024). 
While AI-DSSs have the potential to enhance deci-
sion accuracy and efficiency, they also bring challenges 
arising from humans and AI having to collaborate, 
including risks of overreliance (i.e. when users accept 
incorrect AI advice), distrust in insights generated by 
AI, and difficulty interpreting the insights (Cohen et al., 
2023; Klingbeil et al., 2024). As long as these AI systems 
do not make autonomous decisions without a human 
in the loop, their effectiveness ultimately depends on 
their users, and how well they are able to engage with 
the information derived from the system, and thereby 
on how the information is conveyed (Yang et al., 2020). 
Therefore, understanding how different aspects of 
human–AI interaction impact decision-making is cru-
cial for designing AI systems that effectively support 
humans.

A major challenge in human–AI collaboration is auto-
mation bias, which is the tendency of users to favour 
automated decision support systems while ignoring 
contradictory information (Goddard et al., 2011; Skitka 
et al., 1999). One type of error introduced by automa-
tion bias is overreliance on the AI-DSS, wherein the 
user accepts incorrect AI advice, as they may find it 
difficult to discern whether advice is correct or incor-
rect (Passi & Vorvoreanu, 2022). A potential solution 
in the form of explainability, wherein additional infor-
mation about the AI’s prediction is provided, has been 
proposed to overcome this issue (Vasconcelos et  al., 
2023) but has shown very mixed results (Zhang et  al., 
2024). While some studies show some improvement 
in performance with explainable advice (Gaube et  al., 
2024; Senoner et al., 2024), other studies show either no 
effect (Bertrand et al., 2023; Cecil et al., 2024) or even 
a negative impact, wherein overreliance increases when 
explanations are provided (Jacobs et  al., 2021; Schem-
mer et  al., 2022), as the presence of an explanation 

itself increases trust (Bertrand et  al., 2022). There-
fore, we need to examine potential solutions beyond 
explainability.

The presentation of advice affects how individuals 
perceive, trust, and act upon AI-generated suggestions 
(Buçinca et  al., 2021; Zhang et  al., 2020). One impor-
tant aspect is the sequence or timing of advice presen-
tation, as users may weigh AI advice differently based 
on when it is received in the decision process (Buçinca 
et  al., 2021; Fogliato et  al., 2022). If advice is presented 
concurrently, users may be more open to the advice, but 
their engagement with the task may be more superficial 
(Gajos & Mamykina, 2022) and their response may be 
biased by the advice due to the anchoring effect (Furn-
ham & Boo, 2011). The anchoring effect refers to a cog-
nitive bias which causes our decisions or judgements to 
be influenced by an initial reference point (in this case, 
the AI advice), which may result in overreliance (Buçinca 
et al., 2021). Studies consistently show that incorrect AI 
advice proves more detrimental to decision performance 
than not receiving advice (Gaube et  al., 2024; Klingbeil 
et al., 2024; Kokje et al., 2024). If advice is presented with 
a delay, it might give the user a chance to first engage 
with the task independently without being influenced by 
the AI’s judgement and decide for themselves if AI input 
would be helpful (Buçinca et al., 2021; Kumar et al., 2021; 
Liang et  al., 2022; Papenkordt, 2024; Park et  al., 2019). 
Consequently, overreliance on incorrect advice may be 
reduced if a non-concurrent presentation approach was 
used, which could be (a) leaving users to decide if they 
require assistance (i.e. advice on-demand) or (b) only 
presenting advice in case of a disagreement between the 
human’s decision and the AI’s prediction. The current 
study aims to investigate whether non-concurrent advice 
presentation can reduce overreliance, in a one-to-one 
face-matching paradigm.

AI‑DSS in face identification
The use of photo IDs for identity verification is common 
in a variety of applied settings, ranging from settings such 
as border controls to ID checks at supermarkets for buy-
ing age-restricted products. This typically involves veri-
fying whether the face on the photo ID picture matches 
the face of the individual carrying it, in what is known 
as one-to-one face matching. The use of AI-based tech-
nology for this purpose has been steadily increasing 
(Gupta et al., 2023), particularly as these systems become 
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increasingly accurate, surpassing human performance 
and some achieving near-perfect accuracy under ideal 
conditions (Grother et  al., 2024; Phillips et  al., 2018). 
However, despite their impressive performance, these 
systems are still susceptible to errors, and therefore, 
require human oversight (Hancock et al., 2020). Previous 
studies comparing human and algorithm performance 
on unfamiliar face-matching tasks reported that fusing 
similarity judgements of humans and algorithms leads to 
better accuracy than humans alone or algorithms alone 
(O’Toole et  al., 2007; Phillips et  al., 2018). Phillips et  al. 
(2018), particularly, showed that fusing the judgements 
of one facial examiner and an algorithm resulted in per-
fect accuracy. This gives impetus for combining human 
and AI judgements through AI-DSSs and for examining 
appropriate design and presentation methods that would 
lead to better accuracy.

Several studies have emerged in recent years that 
have examined the influence of specific human, AI, and 
design aspects on AI-augmented human performance 
in face-matching tasks. Howard et  al. (2020) examined 
the impact of the source of advice and found that par-
ticipants trusted the AI’s judgement more than another 
human’s judgement. However, the difference in trust was 
not reflected in their performance, which was similar for 
AI-aided and human-aided decisions. Contrary to that, 
Carragher et  al.(2024) reported that participants who 
showed generally higher trust in automation, as well as 
participants who trusted AI’s judgement over another 
human’s judgement specifically in a face-matching task, 
showed greater gains in AI-aided performance. Addi-
tionally, Howard et  al., (2020) recorded participants’ 
responses on a 7-point certainty scale and reported that 
presenting AI’s judgement shifted participants’ response 
certainty in the direction of the AI judgement. Fysh and 
Bindemann (2018) similarly reported that participants 
attend to and incorporate AI judgements into their deci-
sions, even when they are instructed to ignore them. 
Moreover, when participants were provided feedback 
on the accuracy of their decisions (i.e. participants were 
informed after each trial whether their response was 
correct or incorrect), positive experiences with the AI 
(i.e. repeated instances where the AI advice was correct) 
resulted in an increased reliance on AI advice.

Further, a study by Carragher and Hancock (2023) 
tested the effect of the accuracy rate of the algorithm 
and found that participants tend to adjust their reliance 
on the system according to the accuracy of the system, 
even when participants are not informed of the accuracy 
rate. Another study, by Kokje et  al. (2024), manipulated 
the perceived accuracy of the AI (i.e. the real accuracy rate 
remained uniform throughout, but participants were told 
different rates). Participants adjusted their reliance on 

the AI even when real accuracy remained unchanged, as 
they tended to follow AI predictions more when a high-
accuracy rate was implied, and they followed AI predic-
tions less when a low accuracy rate was implied.

A common finding across the studies was that incorrect 
advice significantly worsens performance not only com-
pared to when correct advice is presented, but also com-
pared to when no advice is presented. This is due to the 
previously discussed issue of overreliance on AI systems. 
Two studies (Carragher & Hancock, 2023; Kokje et  al., 
2024) provided additional information in the form of face 
similarity scores in addition to the binary match/mis-
match judgements, while one study (Mueller et al., 2024) 
provided only similarity scores or only binary match/
mismatch judgements, to evaluate whether this reduces 
overreliance. Carragher and Hancock (2023), as well as 
Mueller et al. (2024) reported no difference in overall per-
formance in the two conditions, while Kokje et al. (2024) 
found a marginal improvement in performance with the 
similarity ratings. However, this was observed only when 
the advice was correct. Consequently, similarity ratings 
did not reduce overreliance on incorrect advice in any of 
the studies.

As discussed previously, non-concurrent advice pres-
entation strategies may potentially reduce bias resulting 
from seeing advice before engaging with the task, and 
thereby overreliance too. Therefore, in the current study, 
we examined the potential of different strategies of non-
concurrent advice presentation in reducing overreliance 
on AI advice and improving performance. The study 
aimed to address the following questions:

(1)	 Do non-concurrent advice presentation strategies 
help to reduce overreliance on AI advice compared 
to concurrent advice presentation?

(2)	 Do similarity ratings have a more positive impact 
when their presentation is delayed and provided 
selectively compared to when presented concur-
rently and compared to binary advice?

(3)	 Do non-concurrent advice presentation strategies 
improve overall performance of the human–AI 
team compared to concurrent advice presentation 
strategies? Does the human–AI team performance 
exceed that of the AI alone?

We conducted three pre-registered experiments, in 
which participants completed a one-to-one face-match-
ing task which involved making decisions about whether 
face pairs belonged to the same person or to two differ-
ent people. In each experiment, we manipulated when 
and under which condition AI advice was presented to 
users in the decision-making process, to assess its impact 
on users’ reliance on the AI system and performance of 
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the human–AI team. In the first two experiments, we 
tested on-demand binary advice (Experiment 1a) and 
on-demand similarity ratings (Experiment 1b); and in 
the final experiment, we tested the influence of provid-
ing advice only after an initial decision is made and if 
that decision contradicts the AI’s prediction. Essentially, 
across all experiments, we compared performance and 
reliance when binary advice (or binary advice + similar-
ity rating) is provided by default and simultaneously with 
the stimuli vs. when binary advice (or similarity rating) 
presentation is delayed and provided optionally.

General method
The experiments consisted of a one-to-one face-match-
ing task, which involved two faces presented simulta-
neously on a screen. The faces either belonged to the 
same person (match) or to different people (mismatch). 
Participants were asked to make match or mismatch 
decisions for each face pair. The experiments were pre-
registered on OSF (Experiment 1a, Experiment 1b, 
Experiment 2). The study received ethical approval from 
the Joint Ethics Committee of Bavarian Universities 
(GEHBa-202405-V-193-R).

Stimuli
Stimuli consisted of face pairs in frontal view presented 
in greyscale without background information (see Fig. 1 
for example stimuli). It was ensured that only the head 
and face were visible by removing all external back-
ground information removed, i.e. clothing, accessories, 
or background. The faces showed a neutral expression. 
We took 100 face pairs from the Glasgow University Face 
Database (GUFD), which contained images of Caucasian 

faces (Burton et  al., 2010), and 100 face pairs from an 
Arab database containing images of Arab faces (Megreya 
& Burton, 2008). Both followed the same style for con-
structing the stimuli. All face pairs were male, as female 
faces for the Arab database were not available. Half of 
the face pairs in each database were match cases (i.e. 
depicted the same person, and half were mismatch cases 
(i.e. depicted different people). The methods for the con-
struction of the face arrays are detailed in the original 
studies (Burton et al., 2010; Megreya & Burton, 2008).

An AI prediction was generated for each face pair with 
deepface (https://​github.​com/​seren​gil/​deepf​ace), using 
Facenet—an openly available deep convolutional neural 
network AI model (Schroff et  al., 2015). Further details 
on the face pairs and the AI predictions are presented 
in the supplementary materials. A binary prediction of 
‘match’ or ‘mismatch’ was presented. In cases where addi-
tional information regarding the binary match/mismatch 
classification was to be presented, we presented similarity 
ratings. To obtain these, we inverted the distance value 
calculated by the algorithm to a similarity value (1-dis-
tance) and expressed it as a percentage, for ease of under-
standing. For example, if the distance value calculated by 
the algorithm was 0.75, this was inverted to a similarity 
value of 25%. The AI predictions were accurate in 92.5% 
of the cases presented. For the purpose of clarity, from 
here on, we distinguish between AI predictions and AI 
advice. AI advice refers specifically to cases where partic-
ipants actually saw the binary AI prediction, whereas AI 
prediction refers to prediction generated by the AI, which 
the participant may or may not have seen.

The stimuli were divided and presented in three or four 
blocks with 40 face pairs (i.e. trials) in each block. Each 

Fig. 1  Example stimuli. The example depicts (a) a mismatch pair (from the GUFD) with binary advice and (b) a match pair (from the Arab face 
database) with binary advice and similarity rating

https://github.com/serengil/deepface
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block contained the same ratio of accurate and inaccurate 
AI advice cases in order to maintain the accuracy rate at 
92.5%.

Procedure
The experiments were programmed in Psychopy (Peirce, 
2007), and the study was conducted online via Pavlovia. 
Participants were recruited over Prolific and were liv-
ing in Germany. They received monetary compensation 
(~ £9/hr) for their time. Participants gave informed con-
sent and began by completing a short demographic ques-
tionnaire over Qualtrics, followed by general instructions 
about the task and each of the conditions presented 
within that experiment. Additionally, participants were 
informed that the top 10% of performers would receive 
a bonus payment to incentivize them to perform to the 
best of their ability. Participants were also informed that 
the AI prediction could be inaccurate in some cases, but 
the overall accuracy rate was not provided. Instructions, 
along with practice trials, were provided at the beginning 
of each condition, followed by the block of trials. A short 
break was provided at the end of each block.

Participants’ task was to make a ‘match’ or ‘mismatch’ 
decision for each face pair and register that decision with 
a keypress. In each block, an attention check item was 
added in the form of a face pair consisting of a male and a 
female face (an obvious mismatch case), with the AI pre-
diction showing a ‘match’.

Dependent variables
Performance was measured as the percentage of cor-
rect decisions, based on participants’ match/mismatch 
responses, which were binarily coded as correct (1) or 
incorrect (0).

AI agreement was the percentage of responses where 
participants’ responses matched the AI prediction.

Statistical analyses
The analysis was performed using RStudio (Version 
2023.09.1 + 494). Participants were excluded from the 
data analysis if they failed two or more attention checks, 
if they did not finish the experiment, if they completed 
the study in an unrealistically short time (avg. RT < 1 s), 
or if their performance was below chance-level (50%). 
We conducted mixed-effects logistic regression analysis 
for ‘performance’ and ‘AI agreement’ measures, with face 
pairs and participants as random factors. Fixed factors 
are specified individually in each experiment.

Experiment 1a
In this experiment, we tested the effect of presenting AI 
advice only when participants request it (on-demand 
condition) and compared performance to when advice 
is provided concurrently with the stimuli (concurrent 
condition).

Participants
Eighty individuals completed the study and were included 
in the final analysis. Demographic characteristics of our 
sample from Experiment 1a are presented in Table 1.

Stimuli and procedure
Participants were exposed to two conditions. In the con-
current advice condition, the binary AI prediction was 
presented concurrently with each face pair. In the on-
demand advice condition, face pairs were initially pre-
sented without the AI prediction, but participants could 
choose to view the AI prediction with a keypress. The 
stimuli remained on the screen until the end of each 
trial, even when participants chose to view the AI predic-
tion, until they registered a match or mismatch response. 
Once they registered their decision, with or without 
viewing the AI prediction, the experiment continued 
with the subsequent trial. Participants did not receive 
feedback on their decisions.

Participants were presented with 160 face pairs divided 
into four blocks. Two blocks were paired with the concur-
rent advice condition and two blocks with the on-demand 
advice condition. Two versions of the experiment were 
created to counterbalance the order of presentation of 
the two conditions and to ensure that each face pair was 
paired with both conditions. Each participant completed 
only one version.

Table 1  Participant characteristics in Experiment 1a

(N = 80)

Age

Mean (SD) 31.0 (10.3)

Gender

Female 21 (26.3%)

Male 57 (71.3%)

Non-binary 2 (2.5%)

Ethnicity

Black/African American 1 (1.3%)

Hispanic/Latin American 1 (1.3%)

Middle Eastern/Arab 4 (5.0%)

Turkish 2 (2.5%)

White/Caucasian 72 (90.0%)
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Results and discussion
We first examined the overall performance of partici-
pants in the concurrent advice condition and the on-
demand advice condition (see Fig. 2a). The mixed-effects 
logistic regression with advice condition as a fixed factor 
showed that overall performance was not influenced by 
advice condition (see Table 2). We further examined the 
interaction of advice condition with the accuracy of the 
AI prediction (see Table  2), which showed that perfor-
mance was significantly better in the concurrent advice 
condition for correct prediction trials (see Fig.  2b). In 
case of incorrect prediction trials, performance was 
somewhat better in the on-demand advice condition, but 
not significantly so. It is possible that the incorrect pre-
diction trials lacked power.

Further, we divided the trials in the on-demand advice 
condition into trials on which advice was demanded and 
trials on which no advice was demanded, and along with 
the concurrent advice condition, examined the impact 
of advice conditions and accuracy of predictions on per-
formance (see Fig.  3). Participants demanded advice in 
26.51% trials. The analysis showed that (see Table 2), on 
trials with correct predictions, participants performed 
better in the on-demand (yes) condition compared to 
the on-demand (no) condition, as well as the concurrent 
advice condition. Conversely, on trials with incorrect pre-
dictions, participants performed better in the on-demand 
(no) condition, compared to the other two conditions, 
but performance on the other two conditions was not 
significantly different from each other, although mean 
performance was lowest in the on-demand (yes) condi-
tion. These findings indicate that irrespective of whether 

advice is demanded or presented concurrently, correct 
advice helps and incorrect advice harms, though partic-
ipants show a tendency to follow AI advice more when 
they demand it.

We then included only the trials where advice was 
shown (concurrently or on-demand) and examined par-
ticipants’ agreement with AI advice. Overall, participants 
agreed with AI advice more when they demanded it 
than when it was shown concurrently, which was driven 
mainly by the correct advice cases (see eTable 2 in sup-
plementary material). Taken together, the above findings 
indicate that in the on-demand advice condition, partici-
pants tend to follow advice more when they demand it; 
however, this is balanced by a lower agreement with pre-
dictions when advice is not demanded, which ultimately 
neither improves nor worsens performance compared to 
when advice is always presented.

Experiment 1b
In the previous experiment, we did not find any signifi-
cant improvement in performance from providing advice 
on-demand, as participants displayed a pattern of over-
reliance on advice when it was demanded. At the same 
time, for correct advice cases, participants made a higher 
number of incorrect decisions when they did not see 
advice compared to when they saw advice, whether it was 
on-demand or concurrently. Therefore, it was beneficial 
to see advice when it was correct, but it was better to 
not see advice when incorrect in order to avoid overreli-
ance. Previous studies examined the potential of provid-
ing similarity ratings in addition to or instead of binary 
advice can help to reduce overreliance, but did not find 

Fig. 2  Performance on the task (a) overall in the two advice conditions (dotted line represents AI’s accuracy level), and (b) the advice conditions 
by the accuracy of the prediction
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any evidence for it (Carragher & Hancock, 2023; Kokje 
et al., 2024; Mueller et al., 2024). While such information 
may have value in certain instances, it is possible that this 
additional information may sometimes be distracting and 
needlessly increase complexity (Poursabzi-Sangdeh et al., 
2021).

We wanted to test whether similarity ratings can over-
all provide more value when presented only when the 
user deems it necessary to see them in order to make a 
decision. We modified our previous paradigm to provide 
on-demand similarity ratings. In this experiment, binary 
match/mismatch advice was presented in all conditions. 
In addition, in the concurrent similarity condition, a simi-
larity rating for each face pair was presented simultane-
ously by default, whereas this information was presented 
only when participants demanded it in the on-demand 
similarity condition.

Participants
Eighty individuals completed the study, of which two par-
ticipants were excluded for failing attention checks and 
one participant was excluded for completing the study 
too quickly (average RT < 1  s per trial). Seventy-seven 
participants were included in the analysis. Demographic 
characteristics of participants are presented in Table 3.

Stimuli and Procedure
The stimuli and procedure remained largely the same as 
in Experiment 1a, but we introduced similarity ratings to 
supplement the binary AI prediction. This means that, 
in the concurrent condition, in addition to the binary AI 
prediction, a similarity rating was presented for each face 
pair (for details on how the similarity rating was derived, 

refer to the supplementary material). In the on-demand 
similarity condition, face pairs were presented along with 
the binary AI prediction, but without the similarity rat-
ings, which participants could choose to view if they 
wished by pressing a key (see Fig. 1b for example stimuli 
depicting advice with similarity ratings). In order to avoid 
any confusion about the meaning and interpretation of 
the similarity score, participants were provided explicit 
explanations that ‘the similarity score constitutes the 
degree of similarity between the two faces’ and ‘face pairs 
with a similarity score > 60% are classified as a match’.

Results and discussion
First, we examined whether overall performance was 
influenced by the two advice conditions and the accu-
racy of the AI advice. A mixed-effects logistic regression 
was conducted with the advice condition and accuracy 

Fig. 3  Performance on the task in the advice conditions (on-demand advice condition split by trials on which advice was demanded 
and not demanded) by the accuracy of the prediction

Table 3  Participant characteristics in Experiment 1b

(N = 77)

Age

Mean (SD) 31.8 (12.0)

Gender

Female 31 (40.3%)

Male 43 (55.8%)

Non-binary 1 (1.3%)

Transgender 2 (2.6%)

Ethnicity

Middle Eastern/Arab 2 (2.6%)

Turkish 1 (1.3%)

White/Caucasian 74 (96.1%)
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of advice as fixed factors (see eTable 4 in supplementary 
material). We did not find a significant effect of advice 
condition or an interaction between advice condition and 
advice accuracy. As expected, performance was signifi-
cantly lower when incorrect advice was presented com-
pared to when correct advice was presented.

Next, we divided the trials in the on-demand similar-
ity condition into trials where the similarity rating was 
demanded and trials where it was not demanded. Par-
ticipants demanded similarity ratings overall in 12.6% of 
cases (12.0% of cases with correct advice and 19.91% of 
cases with incorrect advice). We explore the causes of the 
unequal rate of demanding similarity ratings on correct 
and incorrect advice trials in the supplementary material. 
We conducted another mixed-effects logistic regression 
with the three advice conditions and advice accuracy to 
examine performance (Table  4). Overall, participants 
performed worse when they demanded similarity ratings 
than when they did not (see Fig.  4a). Surprisingly, this 
effect was driven mainly by the correct advice cases (see 
Fig.  4b), i.e. when correct advice was presented, perfor-
mance was worse when participants demanded similarity 
ratings compared to when they did not and when similar-
ity ratings were presented concurrently. When incorrect 
advice was presented, participants’ mean performance 
was highest when similarity ratings were demanded, 
though it was not significantly better than the other two 
conditions.

We also examined agreement with AI in the three 
advice conditions by accuracy of advice with a mixed-
effects logistic regression, which showed that partici-
pants agreed with AI less when they demanded similarity 
ratings, compared to when they did not and when simi-
larity ratings were shown concurrently (see eTable  5 in 
the supplementary material). These results together indi-
cate that participants likely demanded similarity ratings 
when they were sceptical about the AI advice and were, 
therefore, less likely to follow AI advice. This is notewor-
thy, as participants see the same correct/incorrect advice 
and similarity rating in the concurrent and on-demand 
conditions, with the only difference being whether it is 
presented simultaneously and by default or on-demand. 
From these results, it appears that participants are more 
trusting of AI advice that they may otherwise have been 
unsure about, when similarity is presented simultane-
ously with the advice, but a delayed presentation of simi-
larity does not reverse scepticism about the advice. This 
may be beneficial when advice is incorrect, but is detri-
mental for correct advice.

The results from Experiments 1a and 1b together indi-
cate that participants demand advice when they are inde-
cisive, and hence, tend to agree with the advice, but they 
demand similarity ratings when they are sceptical about 

the advice, and hence, are less likely to follow it. We con-
ducted a cross-experiment analysis to examine whether 
on-demand binary advice or on-demand similarity rat-
ing was overall more beneficial. Participants performed 
significantly better with binary advice, and particularly 
when they demanded binary advice compared to when 
they demanded similarity ratings (see eFig.  4 in supple-
mentary material). Therefore, overall, similarity ratings 
were not just unhelpful but actually detrimental.

The above experiments provided some insight into 
users’ behaviour when AI advice presentation is deferred 
and users are given the choice of whether to view the 
advice. However, neither paradigm improved over-
all performance compared to when advice is presented 
concurrently and by default. Therefore, we next explore 
a paradigm wherein the choice of advice presentation 
is not up to the user, but depends on the user’s initial 
decision.

Experiment 2
In this experiment, we examined whether the perfor-
mance of the human–AI team may be positively influ-
enced if AI advice is presented delayed and conditionally. 
Participants had to make an initial unaided decision and 
only received advice if their initial decision did not match 
the AI prediction.

Participants
Eighty-eight individuals completed the study. Of these, 
we excluded two participants for completing the study 
too quickly (avg RT < 1  s per trial). A total of 86 par-
ticipants were included in the final analysis. The demo-
graphic characteristics of our sample are presented in 
Table 5.

Stimuli and procedure
The experiment consisted of three advice conditions. 
We added a control condition here as the experimental 
advice condition involved participants making an initial 
unaided decision, and having the unaided control con-
dition allowed us to directly compare potential gains 
in performance. In the control condition, participants 
completed the task without AI advice. In the concurrent 
advice condition, the binary AI prediction was presented 
along with each face pair. In the conditional advice condi-
tion, participants saw the face pairs without the AI pre-
diction and were asked to register ‘match’ or ‘mismatch’ 
decisions (d1). Only when the decision contradicted the 
AI prediction, advice was presented. Participants were 
then asked to register a second decision (d2). Participants 
were informed that they would only be shown the AI pre-
diction in case of a disagreement and that this did not 
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necessarily mean that their decision was incorrect, as the 
AI prediction could be incorrect.

Participants were presented with 120 face pairs divided 
into three blocks, with 40 pairs in each block. Each block 
was paired with one of the three advice conditions. Three 
versions of the experiment were created to counterbal-
ance the order of presentation of the conditions and to 
ensure that each face pair was paired with each condi-
tion. Each participant completed only one version. In the 
conditional advice condition, on trials when participants’ 
d1 contradicted the AI prediction, after they registered 

Fig. 4  Performance on the task in (a) the different advice conditions (on-demand similarity condition split by trials on which similarity rating 
was demanded and not demanded; dotted line represents AI’s accuracy) and (b) the advice conditions by the accuracy of the advice

Table 5  Participant characteristics in Experiment 2

(N = 86)

Age

Mean (SD) 35.4 (9.81)

Gender

Female 31 (36.0%)

Male 54 (62.8%)

Non-binary 1 (1.2%)

Ethnicity

White/Caucasian 86 (100%)

Fig. 5  Performance on the task (a) overall in the different advice conditions (dotted line represents AI’s accuracy level) and (b) in the two conditions 
with advice (irrespective of whether the advice was presented or not), according to the accuracy of the prediction (see eFig. 5 in the supplementary 
material for performance after excluding trials where advice was not presented in the conditional advice condition)
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their d2, they were also asked to rate their confidence in 
their d2 on a scale of 1–7.

Results and discussion
Performance
We first examined participants’ overall performance 
based on the advice condition (see Fig. 5). For all analy-
ses, unless otherwise stated, participants’ d2 in the con-
ditional advice condition was included in the analysis as 
the final decision. Overall, when advice was presented in 
the conditional advice condition, participants switched 
their decision in 43.58% of cases. A mixed-effects logis-
tic regression (see Table 6) showed that, overall, partici-
pants performed significantly better in both conditions 
where they received advice compared to the no advice 
condition. Their performance in the two conditions with 
advice did not differ significantly. However, notably, for 
the first time in our experiments, the mean performance 
in the conditional advice condition (93.17%) was better 
than the AI alone (92.5%), albeit only marginally. 

We also examined the effect of the interaction between 
advice condition and accuracy of the AI prediction on 
performance via a mixed-effects logistic regression 
(Table 6). We include all trials in both conditions includ-
ing trials in the conditional advice condition where no 
advice was presented. We found that performance was 
significantly better in the conditional advice condition on 
trials with correct AI predictions, whereas when AI pre-
dictions were incorrect, performance was significantly 
better in the concurrent advice condition (Fig.  5b). The 
lower performance in the conditional advice condition for 

incorrect prediction cases appears to be driven by cases 
where participants’ d1 is incorrect, but it matches the 
incorrect AI prediction, thereby never triggering a con-
tradiction. When we exclude these cases, performance is 
better in the conditional compared to concurrent advice 
condition (see eFig. 5 in supplementary material).

AI agreement
To examine participants’ response pattern on trials where 
AI advice was presented, we look at AI agreement. We 
conducted a mixed-effects logistic regression with advice 
condition and advice accuracy as fixed factors (see eTa-
ble  6). Participants’ agreement with the AI advice was 
significantly higher in the concurrent advice condition 
compared to the conditional advice condition in the cor-
rect advice cases (see Fig. 6a). In incorrect advice cases, 
the difference was not significant, possibly because of the 
lack of power due to the low number of cases. However, 
when we account for the cases where participants made 
the same d1 as the AI prediction (89.38% for correct and 
25.58% for incorrect advice cases), agreement with the AI 
prediction was actually higher in the conditional advice 
condition.

Further, we were interested in examining participants’ 
reliance patterns on AI advice in the two advice condi-
tions. We classified participants’ responses as the type of 
reliance on advice—appropriate acceptance (participants 
accepted correct advice), appropriate rejection (par-
ticipants rejected incorrect advice), overreliance (par-
ticipants accepted incorrect advice), and underreliance 
(participants rejected correct advice). Additionally, in the 

Table 6  Logistic mixed-effects regression models for participants’ performance in Experiment 2

Significant comparisons are highlighted in bold

OR > 1 is associated with higher odds for correct decision; OR < 1 is associated with lower odds for correct decision

Predictors Performance Performance

Odds Ratios SE 95% CI Statistic p Odds Ratios SE 95% CI Statistic p

Intercept 15.43 2.64 11.03 – 21.58 15.98  < 0.001 36.71 7.01 25.25 – 53.38 18.86  < 0.001
Condition [Concurrent advice] 1.87 0.17 1.56 – 2.24 6.80  < 0.001
Condition [Conditional advice] 2.19 0.21 1.81 – 2.63 8.23  < 0.001 1.48 0.18 1.16 – 1.88 3.15 0.002
Prediction accuracy [incorrect] 0.09 0.04 0.03 – 0.23 -4.94  < 0.001
Condition [Conditional advice] x 
Prediction accuracy [incorrect]

0.36 0.10 0.21 – 0.62 -3.71  < 0.001

Random Effects

σ2 3.29 3.29

τ00 1.82 TrialID 1.55 TrialID

0.75 participant 0.76 participant

ICC 0.44 0.41

N 120 TrialID 120 TrialID

86 participant 86 participant

Observations 10,320 6880

Marginal R2/Conditional R2 0.019/0.450 0.101/0.473
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conditional advice condition, the proportion of responses 
where participants did not see any advice (as their first 
response was in agreement with AI prediction) is also 
calculated as no advice (correct) or no advice (incorrect) 
depending on whether their response and the AI pre-
diction were correct or incorrect. The breakdown of the 
proportion of each type of decision in the two advice con-
ditions is provided in Fig. 6b. Participants’ underreliance 
on correct advice (5.58% vs. 4.01%) and overreliance on 
incorrect advice (2.12% vs. 0.9%) were both significantly 

lower in the conditional advice condition. However, in 
1.92% cases participants’ d1 was the same as the incor-
rect AI prediction, which ultimately resulted in an overall 
higher number of cases (2.82%) where participants’ deci-
sion was in agreement with incorrect AI predictions.

Confidence
In the conditional advice condition, on trials where AI 
advice was presented, participants were asked to rate 
their confidence in their second decision. We examined 

Fig. 6  AA = appropriate acceptance, AR = appropriate rejection, OR = overreliance, UR = underreliance. (a) Percentage of decisions in agreement 
with the AI advice, when AI advice was presented and (b) Percentage of decisions according to the type of reliance on AI advice

Fig. 7  Participants’ confidence in their decision in the conditional advice condition on trials where AI advice was presented by whether they 
switched their initial decision or not and accuracy of the advice
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confidence based on whether participants switched their 
decision from the initial decision, and whether the AI 
advice was correct or incorrect (see Fig. 7). We conducted 
an ordinal mixed-effects regression with switch condi-
tion and advice accuracy as fixed factors (see eTable  7). 
Participants were more confident in their decision when 
they were rejecting incorrect advice (i.e. appropriate 
rejection) compared to both types of error responses—
underreliance and overreliance—indicating that partici-
pants experience increased uncertainty in their decision 
when making errors. Notably, when participants did 
change their incorrect d1 in response to correct advice 
(i.e. appropriate acceptance), they were not more confi-
dent than when they made error responses despite mak-
ing the correct decision. Together, these results indicate 
that participants view AI advice with considerable scepti-
cism when they have had the opportunity to form their 
own judgement first and are presented with contradic-
tory advice. Therefore, they feel more confident rejecting 
incorrect advice, but not as confident accepting correct 
advice.

Confidence

General discussion
The aim of this study was to examine the potential of 
non-concurrent AI advice presentation strategies to 
mitigate overreliance on AI advice. We investigated on-
demand advice, on-demand similarity rating, and condi-
tional advice based on the incongruency of user decisions 
with the AI prediction—all conditions require the user to 
engage with the task before they are exposed to AI advice. 
Although we did not find significant improvement in 
overall performance with any of the delayed presentation 
strategies compared to concurrent advice presentation, 
we did find noteworthy response patterns.

First, we found that participants were more likely to fol-
low AI advice when they demanded it compared to when 
it was presented concurrently, irrespective of whether the 
advice was correct or incorrect. This indicates that uncer-
tainty in their decision leads users to demand advice, and 
thus, overreliance does not decrease when users demand 
advice as they are unsure. However, when participants 
did not demand advice on trials with incorrect AI predic-
tions, they performed better than both conditions where 
they saw the AI advice (concurrently or on-demand). But, 
they also made more errors on trials with correct AI pre-
dictions when they did not demand advice compared to 
when they saw advice. Therefore, overall performance 
in the on-demand advice condition neither significantly 
improved nor declined compared to the concurrent 
advice condition. It is also noteworthy that participants 
demanded advice, on an average, on 26.51% of trials, 

which is considerably low, so, overall reliance on AI was 
lower in the on-demand condition.

Second, participants followed AI advice less frequently 
when they demanded the similarity rating irrespective of 
whether the advice was correct or incorrect. This indi-
cates that users demanded ratings when they were scep-
tical about the binary advice. This harmed performance 
when advice was correct, but improved performance 
for incorrect advice case. However, the latter effect was 
not significant, likely due to a lack of power due to the 
small number of incorrect advice cases. Our finding that 
demanding similarity ratings decreased reliance on AI 
contradict the findings from Papenkordt (2024), wherein 
demanding explanations increased overall reliance on AI 
advice, thereby reducing underreliance on correct advice 
but not overreliance on incorrect advice. Buçinca et  al. 
(2021), on the other hand, found that on-demand expla-
nations, among other alternate presentation strategies, 
reduced overreliance compared to concurrent expla-
nations. However, it is difficult to determine whether 
this was specifically the case for the on-demand condi-
tion, as they report results for the on-demand condi-
tion combined with other presentation strategies. It is 
important to note here that the task and type of addi-
tional information provided in these studies was differ-
ent from our study. Bucinca et. al employed a task on 
nutritional choices and Papenkordt employed an object-
classification task. Both studies used descriptive textual, 
feature-based explanations, and Papenkordt additionally 
employed a numerical explanation in the form of cer-
tainty of the recommendation. While the textual explana-
tions in the other studies provided a rationale for the AI 
predictions, the output generated by the algorithm in our 
study was not as explanatory in nature, as it was a single 
numerical value with no additional rationale for it.

Overall, we did not find any benefit in providing simi-
larity ratings, concurrently or on-demand, over binary 
advice, in improving performance. Previous studies have 
suggested that explanation complexity contributes signif-
icantly to the utility of explanations, where simpler expla-
nations are useful, but more complex explanations may 
increase overreliance (Cecil et al., 2024; Schemmer et al., 
2022; Westphal et  al., 2023). In the face recognition lit-
erature, richer forms of explanation have been proposed, 
such as visual saliency and feature attribution maps, or 
textual explanations describing similarities/differences, 
that indicate what facial regions or features were most 
influential in the AI’s decision, rather than only a sum-
mary similarity score (Boyd et al., 2022; Doh et al., 2025; 
Williford et  al., 2020). These methods also increase 
complexity and cognitive load for users, and user stud-
ies implementing these forms of explanations have been 
lacking. The similarity ratings in our study were simple 
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to understand but did not really explain the decision, 
and it is likely that participants simply did not find the 
information elaborate enough to provide additional assis-
tance in making their decision. However, one study (Boyd 
et al., 2022), that implemented visual saliency maps as an 
explanation in a synthetic face identification task, also 
reported an improvement in performance with a binary 
AI decision, but not with the presentation of visual sali-
ency maps. The on-demand similarity ratings paradigm 
compared to concurrent presentation at least shows some 
promise for reducing overreliance on incorrect advice, as 
the lack of improvement in performance here resulted 
from underreliance on AI advice, whereas studies that 
report adverse effects of explainable advice widely attrib-
ute it to increased overreliance due to increased trust in 
AI (Bertrand et al., 2022; Rosenbacke et al., 2024; Schem-
mer et al., 2022).

Finally, in Experiment 2, participants followed AI 
advice less when it was only presented following a con-
tradiction between the AI prediction and their own 
judgement (i.e. conditional advice condition). This is also 
reflected in the confidence ratings, wherein participants 
were more confident rejecting incorrect AI advice than 
they were when accepting correct AI advice, indicat-
ing a lower automation bias in this condition. This effect 
appears to be beneficial, as the proportion of incorrect 
advice cases where a contradiction was triggered was 
high (74.42%) and of these, cases where participants 
did not switch their initial (correct) decision was high 
too (83.85%). Conversely, for correct advice cases the 
proportion where they did not switch their (incorrect) 
decision is relatively lower (40.83%). The number of con-
tradictions was also relatively low for the correct advice 
cases (10.62%), and therefore, performance was better 
in the conditional advice condition for correct advice 
cases. While the confidence ratings might also suggest a 
reduced anchoring bias in the conditional advice condi-
tion, we cannot confirm this as we did not measure confi-
dence in both conditions, and thus cannot make a direct 
comparison of confidence in the two advice conditions. 
Further studies employing this paradigm in a non-binary 
decision-making task may be useful to examine this. In 
our study, although overall performance was not signifi-
cantly different in the advice conditions, it is noteworthy 
that the average group performance (93.17%) marginally 
exceeded the accuracy rate of the AI alone (92.5%) in the 
conditional advice condition.

Overall, none of our paradigms resulted in better 
overall performance, but participants tended to follow 
AI advice less in the non-concurrent advice conditions, 
indicating that delaying advice presentation reduces 
automation bias and compels the user to engage with 
the decision even if they ultimately choose to see the 

AI advice. The study also highlights that users are more 
reluctant to accept AI advice once they have decided and 
are less confident in the decision if they choose to accept 
contradictory AI advice. So, these paradigms have poten-
tial in terms of reducing overreliance, but at the cost of 
higher underreliance. Therefore, whether concurrent 
or non-concurrent advice presentation has greater util-
ity ultimately depends on the context or task at hand. In 
high-risk contexts, like passport control or healthcare, a 
relatively higher degree of scepticism would be preferred 
over a higher automation bias. In such cases, delayed 
advice presentation methods may have more utility. On 
the other hand, in low-risk contexts where saving time 
may be more essential, concurrent advice paradigms may 
prove to be more useful. Another aspect to consider is 
the accuracy rate of the algorithm. With high-accuracy 
algorithms that massively outperform humans, as tends 
to be the case with face matching, underreliance on cor-
rect advice would be a bigger concern than overreliance 
on incorrect advice. It is also possible that depending on 
the use case, users may actually interact differently with 
the advice paradigms in this study. Our study was con-
ducted with non-experts in a low-risk context, though 
we did incentivize performance to raise the stakes. Fur-
ther studies that employ these paradigms in different use 
cases of varying risk levels are required to evaluate the 
generalizability of these findings.

Limitations
Our study was not conducted specifically with experts, 
i.e. people who may perform facial identity verification 
as part of their job. It is possible that users who perform 
such a task daily may interact differently with the AI 
advice. Although it has been established that performing 
facial identification regularly or even receiving training, 
does not improve one’s ability (White et al., 2014), some 
beneficial effects of experience with using an AI aid in the 
face-matching context regularly cannot be ruled out.

In Experiment 2, we included a confidence measure. 
However, for the sake of time and limiting monotony, 
we did not implement this measure in all conditions and 
on all trials, but only in the conditional advice condition 
when the AI advice was triggered. Although the measure 
was rather helpful in understanding participants’ behav-
iour when a contradiction arises, it also precluded us 
from a direct comparison with when there is no contra-
diction, as well as, when advice is presented concurrently. 
Therefore, we cannot determine whether participants 
would feel equally confident rejecting incorrect advice 
when it is presented concurrently as they did when fol-
lowing a contradiction.
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In order to have an experimental paradigm that is 
closer to real-world conditions, we used an actual AI 
model to generate predictions that we used in the study. 
As we tried to maintain the true accuracy rate of the 
AI model in our experiments, the number of incorrect 
predictions was low. As a result of this, the study may 
have sometimes lacked power for the incorrect advice 
cases.

Conclusion
The study proposed paradigms involving non-concur-
rent AI advice presentation as a potential solution to 
the problem of overreliance on AI in human–AI col-
laboration. While our findings do indicate that there is 
potential to reduce overreliance with these strategies, 
it also increases the possibility of underreliance, either 
due to actively rejecting correct advice or due to never 
seeing advice at all. As a result, overall performance 
neither improved nor declined in comparison with 
concurrent default advice presentation. Therefore, we 
cannot uniformly recommend one or the other para-
digm, but instead conclude that the varying reliance 
patterns in the two types of paradigms should be taken 
into account while deciding which paradigm may be 
more appropriate for the specific use case and context 
in which the AI system is being implemented. We also 
acknowledge that these findings may not be generaliz-
able to all contexts and recommend that further studies 
should test the paradigms in different fields.
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