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Anytime collaborative 
brain–computer interfaces 
for enhancing perceptual group 
decision‑making
Saugat Bhattacharyya1,3*, Davide Valeriani2, Caterina Cinel1, Luca Citi1 & Riccardo Poli1*

In this paper we present, and test in two realistic environments, collaborative Brain‑Computer 
Interfaces (cBCIs) that can significantly increase both the speed and the accuracy of perceptual group 
decision‑making. The key distinguishing features of this work are: (1) our cBCIs combine behavioural, 
physiological and neural data in such a way as to be able to provide a group decision at any time 
after the quickest team member casts their vote, but the quality of a cBCI‑assisted decision improves 
monotonically the longer the group decision can wait; (2) we apply our cBCIs to two realistic scenarios 
of military relevance (patrolling a dark corridor and manning an outpost at night where users need 
to identify any unidentified characters that appear) in which decisions are based on information 
conveyed through video feeds; and (3) our cBCIs exploit Event‑Related Potentials (ERPs) elicited in 
brain activity by the appearance of potential threats but, uniquely, the appearance time is estimated 
automatically by the system (rather than being unrealistically provided to it). As a result of these 
elements, in the two test environments, groups assisted by our cBCIs make both more accurate and 
faster decisions than when individual decisions are integrated in more traditional manners.

Making decisions—either individually or in group—is an important aspect at all levels of everyday life. Deci-
sions (for example made by government, military or hospital management) can be highly critical in nature, with 
mistakes possibly resulting in extremely adverse outcomes, including loss of lives. Often, decisions have to be 
made with limited amounts of information, or indeed too much information for any single person to process in a 
meaningful manner, hence involving a high degree of uncertainty. In such cases, suboptimal decisions are likely.

Decision-making under uncertainty has been extensively studied in the fields of, for example, 
 neuroeconomics1, decision theory and behavioural  economics2,3. In all areas, what has emerged through dec-
ades of research is that decisions in everyday life are dominated by a practical approach—rather than strictly 
rational—based on heuristics and  biases4–6. Models for decision-making under uncertainty include those in the 
area of situational awareness, which typically take into account behavioural and cognitive factors, such as per-
ceptual overload, attention and vigilance fluctuations, working memory limitations, trust and communication, 
and often include artificial agents support for enhancing situation awareness and, ultimately, decision  making7–11.

In this paper, we focus on decision making based on perceptual judgement in situations where time is critical, 
and where decisions are binary (i.e., discrimination between two types of target), and are either correct or incor-
rect, and propose a system that increases the likelihood of correct outcomes. In the two experiments described 
here, decisions are based on sensory evidence coming from the external environment, which is intrinsically 
noisy, making decision prone to errors. In both experiments, participants are asked to make the perceptual 
decisions as rapidly as possible. In the second experiment, however, participants have also a choice of delaying 
their response in order to acquire more information and, therefore, increase the likelihood of a correct decision, 
which, however, also increases the cost associated to not deciding on time.

Typically, decisions are associated with varying degrees of confidence, defined as the evaluation of one’s own 
performance. The degree to which confidence is accurate (in the sense that it is a reflection of the probability of 
the decisions being correct) is known as metacognitive accuracy12,13. Confidence tends to be correlated with the 
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accuracy of decisions, although sometimes not very strongly, and it may also be uncalibrated (e.g. biased towards 
overestimating or underestimating the true probability of the decision being correct)14–17.

In difficult decision tasks where individuals tend to present low accuracy and correspondingly low metacogni-
tive accuracy, groups usually make better decisions than individuals (e.g., wisdom of crowds)18,19. However, there 
are circumstances in which group decision-making can be  suboptimal20,21 or even  disadvantageous22–24. Flaws 
can be caused by, for example, difficulties in coordination and interaction between group members, reduced 
member effort within a group, strong leadership, group judgement biases, and so  on25–27.

One way to enhance the performance of groups is to take into account the decision confidence that accom-
panies each individual opinion, usually reported by the members  themselves24,28–31. For instance, weighing the 
opinion of each member by their respective  confidence30,32 makes the group’s decision more dependent on indi-
viduals who have reported high confidence, which tends to improve accuracy, particularly in the presence of tie 
decisions. In such cases, ties can be resolved in favour of decisions associated with greater collective confidence. 
This approach may also be effective in situations where a minority of group members reports high confidence 
for a particular choice, while the majority reports low confidence for another choice, as in such cases, it is more 
rational to trust the most confident members rather than the majority. When using confidence weighting, the 
group final decision could be the choice of the more confident minority.

However, many circumstances exist where there is weak or no correlation between decision confidence and 
the accuracy of the  decision19,33. Factors that may affect the degree of association between accuracy and confi-
dence, irrespective of the tasks include individual attributes such as personality, gender, or  culture19, and the time 
of day when the decision confidence was  measured34. There are also cases where there is a negative correlation 
between confidence and accuracy where incompetent individuals can be exceptionally  overconfident35, which can 
lead to potential decision-making disasters. Also, there are many situations where rapid decisions are required, 
and waiting for each user to express their confidence after their decisions is not feasible. Brain-Computer Inter-
faces (BCIs) offer a potential solution to these problems.

Research on BCIs has traditionally had the goal of improving the quality of life of people with severe disabili-
ties who would be otherwise unable to communicate or control devices such as prostheses, wheelchairs, mouse 
pointers, etc.36–49. However, more recently it has been possible to extend the applications of BCIs to able-bodied 
individuals to enhance or complement existing functions. This is done, for example, in the areas of: (a) neuro‑
ergonomics, which uses the neural and cognitive activity underpinning human performance to design systems 
that allow humans to perform in a safer and more efficient way in everyday tasks and in the work-place50,51; (b) 
passive BCIs52–55, which monitor spontaneous (i.e. not directly triggered by the BCI itself) brain activity of users 
performing everyday activities, and react in ways that facilitate such activities for the users; and (c) collaborative 
BCIs (cBCIs), where the brain activities of multiple users are integrated to achieve a common  goal33,56–67. The 
last form, cBCIs, offer a solution to the problem of improving group decision-making.

Because brain signals differ widely from person to person, normally cBCIs do not integrate brain activity of 
multiple users at that level. Instead, typically they give each user a decoder of their decisions, which is a classi-
fier trained to best recognise such decisions for that  user58–61,68,69. Group decisions are then formed by adding 
up the analogue outputs (the decision function value) of each classifier, so that outputs further away from the 
decision boundary have higher influence on the outcome. Research has shown that groups assisted by this form 
of cBCI performed better than single users reporting decisions via key presses. However, the performance of 
such groups was substantially lower than that obtained from an equally sized group using standard majority 
voting to make decisions. The fundamental reason for this is that the error correction benefits of the wisdom of 
crowds were reduced by the imperfect interpretation of the user intentions associated with even the best BCIs. 
On the contrary, in groups signalling decisions with key presses, user intentions are almost never misinterpreted.

A quantum leap in performance was obtained with a particular form of cBCIs that we  developed70, which 
we call hybrid cBCIs because they use a combination of neural, behavioural and physiological measurements. 
Here the objective was not to infer user intentions (these were reported by key presses), but to estimate the 
objective confidence (i.e., the true probability of being correct) of the members of a decision-making group on 
a decision-by-decision basis. This confidence was then used as a weight for the decision of the corresponding 
team member when aggregating individual contributions to form group decisions. An illustration of our cBCI 
architecture is shown in Fig. 1.

Over the years, we have tested this cBCI architecture on a variety of tasks of increasing realism, includ-
ing visual matching  tasks71, visual search with simple  shapes72,73, visual search with realistic  stimuli33,74, face 
 recognition75,76 and threat detection with video  stimuli77–79. In all cases, decisions supported by the cBCIs were 
superior (both in terms of accuracy and speed) in comparison to their non-BCI counterparts (standard majority 
or weighing decisions using self-reported confidence) when comparing equally sized groups. A timeline of the 
implementing cBCI from traditional to realistic decision-making task is illustrated in Fig. 2(a).

In this paper we focus on cBCIs integrating physiological, neural and self-reported data across multiple 
participants to produce both faster and more accurate group perceptual decisions. Specifically, we make the 
following contributions.

Firstly, we present the first anytime cBCI. Like other anytime  algorithms80, our cBCI makes an approximate 
decision always available, but the longer one can wait, the better the decision gets. This property is particularly 
important in domains (e.g. in military, medical or financial contexts) where there is time pressure to reach a deci-
sion as the risks associated with further delaying it become rapidly greater than the risks of an incorrect decision.

Secondly, we apply our cBCIs to two realistic scenarios of military relevance (patrolling a dark corridor and 
manning an outpost at night where users need to identify any unidentified characters that appear) in which 
decisions are based on information conveyed through video feeds. Both the complexity of the scenarios and the 
use of video feeds are unique features (and presented unique challenges).
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Finally, we have simulated a real-life situation where users watch continuous video feeds and independently 
decide when a relevant event has occurred which requires a decision. Here, one only knows for sure when an 
individual completes the process of making a decision (as decisions are signalled by a button press), but not what 
triggered it and when. Here we have provided the cBCI with the ability to automatically detect significant changes 
in the video stream prior to the response, thereby making it possible for it to approximately work out the timing 
of triggering events. The timing of the trigger is important to be able to reconstruct the response time (RT), which 
has proven to be an important correlate of the probability of the decisions being correct in both the psycho-
physiology literature and in our previous work on cBCIs for decision-making. Trigger timing is also important 
because it makes it possible to extract information from stimulus-locked Event-Related Potentials (ERPs), which 
are normally impossible to extract from video feeds, unless the videos have been previously manually labelled.

Results. Tasks. We have tested our cBCI system in two decision-making experiments of military relevance. 
Experiment 1 presented video sequences representing the viewpoint of a soldier walking along a poorly lit corri-
dor with doors on either side. Computer-generated characters would suddenly appear from doors (see Fig. 2(b)). 
Experiment 2 simulated a situation where a soldier is at an outpost at night and a computer-generated character 
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Figure 1.  An illustration of our developed form of cBCI. Here, a combination of response time, reported 
confidence and neural signals are used to estimate the probability of being correct on a decision. Finally, the 
group decision is made by the aggregation of weighted responses.
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Figure 2.  (a) Progress made to date in the development of collaborative BCIs for realistic, decision-making 
tasks. (b,c) Examples of video sequences in a single trial of (b) Experiment 1: Patrol and (c) Experiment 2: 
Outpost. The character appears only in the second frame of the example followed by a response reported by the 
participant (marked in red). After the response, the participant indicates his/her degree of confidence, which is 
shown as 100 in this example.
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starts walking towards it (see Fig. 2(c)). Time pressure and a reward/penalty system were included to simulate a 
situation where both erroneous and slow decisions may have had negative consequences.

In both scenarios, participants had the task of reporting whether the characters appearing were wearing a 
helmet or a cap by pressing a mouse button. Both experiments received the UK Ministry of Defence (MoD)’s 
ethical approval in July 2017 and were performed in accordance with relevant guidelines and regulations. The 
tasks for both experiments were designed after consultation with the MoD. Decision confidences derived by the 
cBCI from neural and behavioural features were used in combination with their corresponding decisions to reach 
a final group consensus for each trial. Participants performed the experiments individually, and group decisions 
with groups of sizes two to ten were performed post-hoc by considering all possible combinations of participants.

The tasks are difficult for individual decision makers. Figure 3 shows the individual accuracies of the partici-
pants in Experiments 1 (left) and 2 (right). Due to the poor lighting conditions, the tasks are relatively difficult, 
the average decision accuracies (dashed line in the figures) being 79.94%± 9.67% and 85.72%± 11.42%(first 
reported  in79), respectively. Experiment 1 is difficult because of the poor lighting conditions and because the 
character appears on the screen for only 250 ms and at random locations. Experiment 2 also has very poor 
lighting conditions but it is slightly easier as the character stays on the screen for much longer and becomes 
progressively bigger, which makes it possible for participants to foveate and wait until there is enough detail to 
be reasonably sure of their response. A part of our objective for this study is to show the improvement in group 
decision-making over individual decision-making (as shown in Fig. 5).

ERP analysis shows differences in brain activity for correct and incorrect decisions. We have examined the Event 
Related Potentials (ERPs) associated with correct and incorrect decisions made for all participants. Figure 4 
(top plots) shows the response-locked grand averages of the ERPs at the FCz electrode location for correct and 
incorrect trials. Green shading marks the regions where the Wilcoxon signed-rank test indicated that differences 
between correct and incorrect trials are statistically significant. For Experiment 1, it is apparent that differences 
are significant for approximately 500 ms preceding the response. For Experiment 2, differences are present in 
the period preceding the response too, but they are statistically significant only in much smaller time intervals 
than for Experiment 1.

The situation is similar for many other electrode sites, as one can see in the scalp maps in Fig. 4 (bottom) 
which represent the activation maps during correct and incorrect decisions (grand averages) and p-value of the 
Wilcoxon signed-rank test that compared the grand averages of the correct and incorrect responses at 300 ms 
and 80 ms before the response.

The differences in the patterns of brain activity recorded in the two experiments are most likely due to the 
fact that in Experiment 1 uniformed characters on which the decision is based appear suddenly and for a very 
short time and then disappear, while in Experiment 2 they appear initially very small and then progressively 
become bigger and bigger as they walk towards the outpost. So, there is not a very well-defined event that can 
trigger a strong ERP.

Thanks to the differences in EEG recordings for correct and incorrect decisions illustrated in Fig. 4, it is 
possible to exploit them within a cBCI (typically in combination with other measurements) to estimate the 
probability of each decision being correct, which is a form of confidence.

Groups assisted by a collaborative BCI are more accurate than traditional groups. Figure 5 also shows the mean 
accuracies and standard errors of the mean for individuals and groups of sizes two to ten using different cBCI-
based decision support systems for Experiments 1 (left) and 2 (right). The different cBCIs use different inputs: 

Figure 3.  The individual accuracies of the ten participants for Experiments 1 and  279.
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(a) neural features, RTs and reported confidence (cBCI(nf+RT+Rep.Conf) in maroon); (b) neural features and 
RTs (cBCI(nf+RT) in purple); and (c) reported confidence and RTs (RT+Rep.Conf in red). For reference we also 
report the results obtained from decision support systems that use standard majority (Majority in blue), only 
RTs (RT in green) and dictatorial system (Dictator in orange). To reconstruct the RT, we employed an algorithm 
(see Methods section) that performed pairwise comparisons of the frames preceding the response to identify 
the one where a significant difference occurred. The time where such a frame was presented is taken to be the 
stimulus onset. In the dictatorial system, the system identifies a group’s most skilled member based on individual 
accuracy and the other member of the group trusts the best member’s judgement to make the final decision.

We performed pairwise comparisons of the accuracies of all confidence estimation methods discussed above 
over all groups of sizes two to nine using two-tailed Wilcoxon signed rank test with Holm-Bonferonni adjust-
ments (More information on the validation our statistical comparison approach is provided in the supplementary 
section of this article).

For Experiment 1, cBCI(nf+RT+Rep.Conf) is significantly better than Majority (test statistics = 0 , p < 0.001 , 
45 ≥ Degree of Freedom ≤ 252 , effect size = 0 ), Dictator ( 0 < test statistics < 53 , p < 0.001 , 45 ≥ Degree of 
Freedom ≤ 250 , 0 < effect size < 4.2 ), RT ( 0 < test statistics ≤ 166.5 , p < 0.001 , 39 ≥ Degree of Freedom ≤ 241 , 
0 < effect size < 15.2 ), RT+Rep.Conf ( 53 < test statistics ≤ 2376, p < 0.001 , 35 ≥ Degree of Freedom ≤ 218 , 
7.9 < effect size < 149.7 ) and cBCI(nf+RT) ( 29 < test statistics ≤ 2774 , p < 0.001 , 35 ≥ Degree of Freedom 
≤ 221 , 4.3 < effect size < 175 ) for groups of size two to eight. In particular, this last comparison indicates the 
utility of having neural features extracted from EEG among the inputs to a decision support system. Similarly, 
for Experiment 2, cBCI(nf+RT+Rep.Conf) is significantly superior to Majority (test statistics = 0 , p < 0.001 , 
45 ≥ Degree of Freedom ≤ 250 , effect size = 0 ), Dictator ( 0 < test statistics < 1932 , p < 0.001 , 44 ≥ Degree of 
Freedom ≤ 242 , 0 < effect size < 122 ), RT ( 0 < test statistics ≤ 1236 , p < 0.003 , 21 ≥ Degree of Freedom ≤ 205 , 
0 < effect size < 86 ) and cBCI(nf+RT) ( 20 < test statistics ≤ 3114 , p < 0.002 , 19 ≥ Degree of Freedom ≤ 156 , 0 < 
effect size < 197 ) for groups of size two to eight. It is also superior to RT+Rep.Conf ( 52 < test statistics ≤ 1236 , 
p < 0.003 , 21 ≥ Degree of Freedom ≤ 205 , 0 < effect size < 86 ) for groups of size two, three, four, five and seven. 
The less marked superiority of cBCI(nf+RT+Rep.Conf) over RT+Rep.Conf in this experiment is a reflection of 
the weaker differences in the ERPs associated with correct and incorrect trials in Experiment 2 (see Fig. 4 (right))

Experiment 1: Patrol Experiment 2: Outpost 
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Figure 4.  The plots on the top are grand averages of the response-locked Event Related Potentials at FCz 
channel location for correct (in blue) and incorrect (in red) decisions for Experiments 1 and 2. Regions shaded 
in green are when there is a significant difference ( p < 0.05 ; Wilcoxon two-tailed signed rank test) between the 
correct and incorrect ERPs. The topographical scalp maps at the bottom represent the grand averages for correct 
and incorrect decisions and corresponding p-values obtained from the Wilcoxon two-tailed signed ranked test 
over all electrode locations at 300 ms and 80 ms before the response for Experiments 1 and 2. The colour map at 
the bottom is a scale for p values.
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(Additional statistical comparisons between methods can be found in Table S1a–g and Table S2a–g within the 
supplementary section of this article.).

As one can see in Fig. 5, the differences in performance between all confidence-weighted methods (RT, 
RT+Rep.Conf and all cBCIs) and standard majority are larger for even-sized groups than for odd-sized groups. 
This is caused by the different behaviours exhibited by majority and the confidence-weighted methods in the 
presence of ties (which are only possible groups of even size). In the presence of a tie, standard majority breaks 
the tie by flipping a coin (there is no better strategy, since classes are equiprobable). On the contrary, with the 
confidence-weighted methods ties are simply resolved by picking the class with the higher total confidence, 
which is more often than not the correct decision. This is particularly beneficial with groups of size two, which 
present the biggest improvement over traditional methods because pairs are more likely to generate ties than 
larger groups, and hence they benefit the most from the ability of breaking ties in favour of correct decisions 
afforded by the weighted confidences derived from cBCIs, RTs and reported confidence.

Decision confidences derived from physiological and neural measures are good at assessing one’s decision. Figure 6 
presents the mean confidence available from decision support systems based on:(a) reported confidence, (b) RT 
only (confidence(RT)), (c) RT and reported confidence (confidence(RT+Rep.Conf)), (d) neural features and RT 
(cBCI confidence(nf+RT)), and (e) neural features, RT and reported confidence (cBCI confidence(nf+RT+Rep.
Conf)). Results for the ten participants for Experiments 1 and 2 are shown in the bar charts on the left and right 
of the figure, respectively. The confidences are divided into two classes, associated with correct (in blue) and 
incorrect (in red) responses, respectively. The differences between these two conditions are also reported (in 
grey).

It is clear from the figure that participants reported higher confidence when they responded correctly than 
when they erred (Wilcoxon-signed rank test, p < 0.007 , for both experiments). This is expected, as confidence 
is a self-assessment of one’s decisions and, therefore, decisions with high confidence should more likely be cor-
rect than incorrect.

The differences in average confidence for the incorrect and correct responses shown in the figure (grey bars) 
indicate that all decision support systems introduced in this paper have at least as good a separation between 
the two classes as the actual reported confidence. In fact, taken in the order shown in the figure, the separation 
is 5.22%, 15.06%, 11.95% and 17.66% better than the reported confidence in Experiment 1 and 17.38%, 24.22%, 
18.43% and 24.80% better than the reported confidence in Experiment 2. While these differences are consistent, 
individually they are not statistically significant. However, the picture changes drastically when, later, we will 
use these decision support systems to aid group decision making. There we will not only see that the apparent 
superiority of all the decision support systems against the standard reported confidence is real, but we will also 
see that the cBCI based on the neural features, RT and reported confidence is also superior to all the other deci-
sion support systems.

Figure 5.  The average group accuracies of all possible groups of sizes one to ten formed from the ten 
participants for Experiments 1 and 2 and the corresponding standard error of the mean (computed using a 
boostrapping procedure). Results for the following decision aggregation strategies are shown: majority (in blue), 
dictatorial decisions (in orange), RT (in green), RT and reported confidence-based estimation (in red), a cBCI 
using neural features and RT (in purple), and a cBCI using neural features, RT and reported confidence (in 
maroon).



7

Vol.:(0123456789)

Scientific Reports |        (2021) 11:17008  | https://doi.org/10.1038/s41598-021-96434-0

www.nature.com/scientificreports/

Anytime morphing between decision support systems gives optimal time vs accuracy trade‑offs. As noted from 
Fig. 5, the cBCI based group-decision making system with reported confidence (cBCI(nf+RT+Rep.Conf)) as an 
additional feature is superior in performance to the other alternatives. A limitation of group decision-making 
systems based on reported confidence is that a decision can only be made after the members in the group have 
registered their confidences. These processes can easily take several seconds, which may be incompatible with 
the decision times required by many real-world situations. The cBCI-based group decision-making system not 
using reported confidence can produce a less accurate decision sooner, that is immediately after all group mem-
bers have provided a response. This may still require an excessively long time, especially in large groups. To get 
even quicker decisions, as we suggested  in71, one could take a decision after the fastest N responders have cast 
their vote.

Here we explored an alternative strategy that tries to obtain the best compromise from accuracy and decision 
speed from all the above mentioned methods. The approach effectively smoothly morphs between the fastest 
system, where only the quickest responder determines the group decision, to the slowest one, where all partici-
pants have reported decisions and confidences and all contribute.

The strategy gathers all of the information (neural signals, decisions and reported confidence) available from 
any number of group members at any given time after the fastest responder has provided a decision. It then 
feeds such information to the appropriate types of decision support system. Such systems must all speak the 
same language; i.e. they must return an evaluation of the probability of the decision provided by a participant 
being correct (confidence). This makes it possible to form group decisions—via a confidence-weighted majority 
vote—even if the confidence of participants was evaluated by different systems. In this way, at any time a group 
decision is available. The decision is then updated as soon as new information is available, making such a system 
an anytime  algorithm80.

We applied this morphing strategy to three pairs of decision support systems: (1) the two cBCIs tested in 
Fig. 5, (2) a decision support system based on RT and one based on RT as well as reported confidence, and (3) 
standard and confidence-weighted majority voting. For the standard majority system, confidence was a static 
quantity equal to the average accuracy of all participants in the training set. Figure 7 reports the results obtained 
with the corresponding anytime decision support systems.

More specifically, the figure shows how the accuracies of groups of size two to five and for Experiment 1 
(right column) and Experiment 2 (left column) vary as a function of time after the first response for each of the 
three anytime systems. Decisions were updated by each system every 100 ms. The figure also shows how many 
members on average had responded by each time (shaded region with secondary ordinate axis) and the number 
of responders who had also reported their confidence (shaded blue region).

It is clear from the figure that both the cBCI and the system based on RTs present a monotonically increas-
ing accuracy profile, when the more time available for the group decision, the more accurate that decision. 

Figure 6.  Distribution of the mean of actual confidence reported by the participants (Actual Confidence) and 
the estimated confidences derived from RT (confidence(RT)), RT and reported confidence (confidence(RT+Rep.
Conf)), cBCI confidence based on neural features and RT (cBCI confidence(nf+RT)) and finally, cBCI 
confidence based on neural features, RT and reported confidence (cBCI confidence(nf+RT+Rep.Conf)) for 
correct (in blue) and incorrect decisions (in red) made by the participants in Experiment 1 (left column) and 
2 (right column), respectively. The grey bar indicates the difference in mean of confidences (both actual and 
estimated) for correct and incorrect decisions.
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Interestingly, in most cases, after a rather rapid transient, accuracy tends to plateau, which suggests that near 
optimal decisions can be obtained well before all participants have responded and reported their confidence. It is 
also clear that, thanks to the use of neural information, the cBCI always has an edge over the purely behavioural 
system based on RT. The cBCI anytime method also outperforms the majority-based system.

Somehow surprisingly, the accuracy of the majority-based group-decision system is not always a monotonic 
function of time. This effect is associated with the fact that the best performers in a group are often also the fast-
est responders. In the majority system all responses have the same weight, until confidence values are available. 
During this period, as more and more weaker members cast their vote, the group accuracy may fail to increase 
(or, worse, it can even decrease) over time. The situation improves as more and more members express their 
confidence. However, accuracy eventually plateaus to a markedly lower value than for the other systems.

Discussion. Metacognitive processes make decision-makers consciously or unconsciously aware of the likeli-
hood of their decision being correct, through a feeling that we call confidence. In our previous  research33,71,75,81,82, 
we found that, when decision makers act in isolation, i.e. in the absence of communication or peer pressure, a 
BCI can provide estimates of confidence on a decision-by-decision basis that are often more correlated with 
decision correctness than the confidence reported by participants themselves. We then used these estimates to 

Figure 7.  Average accuracies of Experiment 1: patrol experiment (left column) and Experiment 2: outpost 
experiment (right column) obtained using the following pairs of decision support systems: (a) two cBCIs based 
on neural features and RT (cBCI(nf+RT)), and neural features, RT and reported confidence(cBCI(nf+RT+Rep.
Conf)) (line plot in blue), (b) a decision support system based on RT (RT) and a combination of RT and 
reported confidence (RT+Rep.Conf) (line plot in green), and finally (c) a decision support system made of 
standard (Majority) and confidence-weighted majority system (Majority+Rep.Conf) updated at every 100ms 
after the first response. The shaded region in black indicates the average number of total respondents (which is 
determined by the length of the secondary ordinate axis) at every 100ms time interval and the shaded region in 
blue indicates the average number of respondents who had reported their confidences.
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improve the performance of groups of decision-makers by simply weighing decisions by the corresponding BCI 
confidence–a system that we call a collaborative BCI, or cBCI for short. All of our tests to date involved decisions 
based on either static images or speech.

In this paper, we have extended and then applied our cBCI to assist with perceptual decisions in two dynamic 
realistic environments. In the first environment, participants viewed video feeds showing the perspective of a user 
walking along a dark corridor and trying to identify possible threats. The second environment simulated an even 
more realistic situation: an outpost at night where potential threats would quickly walk towards the outpost and 
where the outcome of an erroneous and/or slow decision could be very severe. In both these situations one could 
imagine that an automated computer–vision system for target detection could be a better solution. However, 
for ethical reasons, many decisions in the military domain that can lead to possible fatalities (including those 
represented in the two scenarios studied in this paper) cannot be made by an AI system in full autonomy. A 
human needs to be always in the  loop83,84. For this reason, it makes sense to augment and assist human-decision 
making using AI-based technologies.

In addition to dealing with the challenges imposed by such environments, we decided to address an additional 
challenge: in many real-world applications precise RTs are unavailable because situations requiring a decision 
present themselves at random times and users must realise by themselves that a situation requires a decision in 
the first place. For the first time, our decision-support systems are capable of reconstructing RTs, thereby dealing 
with this challenge and making them even more applicable in practice.

Despite these challenges, for both environments, results confirm that the cBCI based on neural features, RT 
and reported confidence is significantly better than traditional standard majority and dictatorial system and 
also, most often, other machine-learning-based decision-support systems relying on behavioural data (RT and 
reported confidence) to estimate confidences. The RT based decision-support systems are also significantly 
better than standard majority and dictatorial system. So, in the absence of neural system infrastructure such as 
an EEG system, the RT based systems can be implemented as an alternative albeit with a small compromise in 
performance.

Group decision support systems that rely on reported confidence present the drawback that decisions can 
only be made after the process of assessing and reporting individual confidence values is complete, which may 
take an additional few seconds. Our cBCI based on neural features and just RT does not present this problem 
and is the second-best choice, being significantly better than both majority and also the decision-support system 
relying on RT to estimate confidences.

It is clear from our results that using reported confidence as an additional feature allows our decision support 
systems to provide more reliable estimates of the probability of correctness. While, as noted above, confidence 
reporting requires extra time, it is often the case that by the time the slowest responders in a group have provided 
their decisions (thereby enabling the group decision), the fastest ones have also reported their confidence. Also, 
there may be cases where one can afford more time for the decision, which would allow more group members 
to report their confidence.

With this in mind, in this paper we proposed and tested three anytime decision support systems (both behav-
ioural and cBCI-based). Our anytime systems estimate the decision confidence for all available responders in 
the group at any given time (after the first response) using a decision support system trained to work without the 
reported confidence as an input for all users who did not have time to report the confidence and one trained to 
work with the reported confidence for all users who reported it. It then makes the group decision. This decision, 
however, may change over time as more and more users make decisions and report their confidence.

Results indicate that the anytime cBCI-based decision support system is superior to the two behavioural any-
time systems in the test environments considered. They also suggest that after a certain experiment-dependent 
time, group accuracy does not further improve significantly with time. So, our systems are on par in terms of 
accuracy with corresponding non-anytime versions, but are faster. If an application requires even faster decisions, 
our anytime systems can provide such decisions, but at the cost of a reduced group accuracy. For these reasons, 
such systems are may be particularly suitable for perceptual decision making scenarios in defence, policy-making 
and healthcare, where rapid decision-making may be needed.

Although our two environments have been designed to mimic realistic situations, they are still crude approxi-
mations of the rich set of sensory inputs and bodily reactions that people might encounter in real-world situa-
tions, particularly in the presence of real (as opposed to simulated) risk. Also, our participants were tested in very 
controlled lab conditions (e.g., they sat in a comfortable chair; there was very little noise and other distractions 
from the environment; the experiments were of a limited duration, thereby only inducing mild fatigue; etc.). 
While these conditions are not completely atypical of the military domain (e.g., in the virtual cockpit of a drone, 
or in remote/distributed C2 decision-making), there are many real, complex environments where they do not 
apply. In such cases, one should expect that, in general, poorer results might be obtained. Muscular artefacts 
produced by physical activity may not necessarily be an issue, as we recently reported  in85, where we found that 
walking on a treadmill did not produce any negative effect on individual performance in the patrol task, instead 
improving cBCI/group performance, likely due to increased level of alertness associated with walking. However, 
EEG signals would drastically be affected by strenuous exercise, intense accelerations, intense mental fatigue, 
etc., which would likely render the cBCI approach presented here inapplicable.

Another limitation of the approach is that cBCIs have mostly been tested in assisting perceptual decision 
making in situations where there are only two options and there is some form of time pressure and/or where the 
perceptual information is available only for a short time, is inconsistent or overwhelmingly detailed. Only a frac-
tion of all situations have these characteristics, many involving strategic decisions where resources (rather than 
time) are limited and  where5 more than two choices are available to make a decision. We are currently exploring 
these situations through a joint US DoD/UK MoD research initiative (https:// basic resea rch. defen se. gov/ Pilots/ 
BARI- Bilat eral- Acade mic- Resea rch- Initi ative/). There, we are extending our cBCI application to more complex 

https://basicresearch.defense.gov/Pilots/BARI-Bilateral-Academic-Research-Initiative/
https://basicresearch.defense.gov/Pilots/BARI-Bilateral-Academic-Research-Initiative/
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problems in which, for example, decisions do not necessarily have a correct or incorrect choice, and are not just 
based on perceptual input given in the current trial, but also on information gained and decisions made in past 
trials. In this case, additional factors need to be taken in consideration, such as, for example, problem  framing5, 
which can change decisions as individual perspectives change, and the notion that humans decisions often 
bring to solution that are not necessarily optimal, but, rather, satisfactory, as suggested in bounded  rationality86.

Methods. Participants. Two different groups of ten healthy participants took part in the experiments men-
tioned above: six females, four left-handed, age = 35.4± 2.6 years in Experiment 1, and four females, one left-
handed, age = 34.3± 11.67 years in Experiment 2. All the participants self-reported to have normal or correct-
ed-to-normal vision and no history of epilepsy. All participants were provided with a participant information 
sheet informing them about the nature and objective of the experiment and they were also briefed about the 
experiments before the start of the session. Then they signed an informed consent form if they agreed to move 
ahead with the experiment. The participants were comfortably seated in a medical chair at about 80 cm from an 
LCD screen. After the experiment, the participants received a monetary remuneration for their time of £16 in 
Experiment 1 and £12 for their participation plus an additional remuneration of up to £6 (depending on their 
performance) in Experiment 2. The total duration of the experiments was around 50 to 70 minutes depending 
on the speed of response of the participants.

Stimuli description. Experiment 1: Patrol Participants were presented with video sequences (frame rate = 4 Hz) 
of a dynamic environment representing the viewpoint of a user walking at a constant pace along a corridor, 
where characters could appear from doorways, located on either side of the corridor, for one frame (Fig. 2(b)). 
Each participant had to decide, as quickly as possible and within 2.5s, whether the character crossing the cor-
ridor was wearing a helmet (by clicking the left mouse button) or a cap (by clicking the right mouse button). 
After reporting their decision, participants were asked to indicate, within 2 s and using the mouse wheel, their 
degree of confidence in that decision, using an 11-point scale (from 0=not confident, to 100=very confident, 
in steps of ten). The experiment was composed of 12 blocks of 42 trials, each trial corresponding to a doorway 
encountered while walking down the corridor. In each block, 14 trials had empty doors (no decisions required), 
14 trials contained a person wearing a helmet, and 14 trials contained a person wearing a cap. The sequence of 
trials was randomised, and the same sequence was used with all participants, which allowed the simulating of 
group decisions offline. Prior to the start of the experimental session, each participant underwent a brief training 
session of 21 trials (approximately two minutes) to familiarise them with the task.

Experiment 2: Outpost In this experiment, each participant viewed a scene simulating their being at an out-
post and viewing an area with a house and several trees through a (simulated) night vision camera (Fig. 2(c)). 
In each trial, a character appeared from a distance, either from the house or from the adjoining forest cover on 
either side and walked towards the outpost. The video sequence had a frame rate of 10 Hz. The participant had 
to decide, as quickly as possible, whether the character was wearing a helmet (by clicking the left mouse button) 
or a cap (by clicking the right mouse button). After each response, participants were asked to indicate (within 
2 s) their decision confidence on a scale from 0 (not confident) to 100 (very confident) in steps of ten by using 
the mouse wheel. The experiment included a point-based reward system considering the correctness of the 
decision and the RT of the participant. When a participant made a correct decision, they gained more points for 
faster RTs than for slower ones. In the case of incorrect responses, points were deducted (penalty) proportionally 
to the RT. Moreover, to simulate the risk in waiting for too long to make a decision, in each trial the character 
disappeared after a random time. If the participant did not make any decision by then, the trial was labelled as 
incorrect and a maximum penalty was applied. At the end of the experiment, the number of points accumulated 
by the participant was converted into currency (between £0 and £6) to determine the extra remuneration for 
the volunteer. The point-based reward system attempted to simulate a high-pressure critical decision-making 
situation where the user must respond correctly and as quickly as possible. The experiment was composed of six 
blocks of 60 trials. In each block, 30 trials contained a person wearing a helmet, and 30 trials contained a person 
wearing a cap. The sequence of trials was randomised, and the same sequence was used with all participants to 
enable the simulating of group decisions offline. Prior to the start of the experimental session, each participant 
underwent a brief training session of 15 trials (approximately two minutes) to familiarise them with the task.

Data recording and pre‑processing. A Biosemi ActiveTwo EEG system was used to record the neural signals 
from 64 electrode sites following the 10-20 international system. The EEG data were sampled at 2048 Hz, ref-
erenced to the mean of the electrodes placed on the earlobes, and band-pass filtered between 0.15 to 40 Hz to 
reduce electrical noise. Artefacts caused by eye-blinks and other ocular movements were removed using a stand-
ard subtraction algorithm based on correlations to the averages of the differences between channels Fp1-F1 and 
Fp2-F2. EEG signals, RT, reported confidence, skin conductance, heart rate variability, respiration frequency and 
profile, pupil dilation, eye movements and eye blinks were simultaneously recorded during the experiments. RTs 
were measured by time-stamping the clicks of an ordinary USB mouse when the participant had responded. For 
this study, we used only the EEG, RTs and the reported confidence.

For each trial, the EEG data were segmented into response-locked epochs, starting from 1700 milliseconds 
(ms) before the response and lasting for 1900 ms. The epochs were then detrended and low-pass filtered at 
a pass band of 0–14 Hz and a stop band of 16-1024 Hz with an optimal Finite Impulse Response (FIR) filter 
designed with the Remez exchange algorithm. Finally, the data were down-sampled to 32 Hz and each epoch was 
trimmed by removing 200 ms from the beginning and end of the epoch. The remaining 1500 ms of the epochs 
were further analysed.
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Reconstruction of response time. In a real-life situation, while it can be very clear when an individual reacts to 
an event, it is not always necessarily clear when that event has occurred. In our study, we simulated exactly this 
kind of circumstance, where the reaction (a button press in our experiment) of the participant was known to the 
BCI system, but information on what caused it and when was not known. Hence, to reconstruct the RT for such 
situations, we needed to detect the onset of stimuli (‘stimuli detector’). To achieve this, in each trial we parsed 
back each frame from the time of the response (‘response event’) until a frame was found where the change in 
average RGB values with respect to the preceding frame was above a certain threshold, which was considered to 
represent the moment of appearance of the character (‘stimulus event’) that eventually caused the button press. 
Then, the reconstructed RTs were calculated by subtracting the stimulus event time from their corresponding 
response event time. Figure 8 shows the difference between the average of the true (in blue) and estimated (in 
red) RT across all participants in the patrol and outpost experiment. The efficacy of our RT reconstruction algo-
rithm is evident by the small absolute difference between the true and estimated RT for both the experiments 
(0.0875s in patrol experiment and 0.0807s in outpost experiment). In the patrol experiment, the estimated RT is 
larger than the true RT because the stimuli detector sometimes missed the characters on-screen, in which case 
the stimulus onset is taken to be the onset of the previous stimulus. On the contrary, the estimated RT is lower 
than the true RT in the outpost experiment because in some circumstances, the stimuli detector system identi-
fied the character on-screen later than the actual onset. Nevertheless, the small difference in the RTs yielded no 
significant changes in the confidence estimation of the decision-support methods.

Labelling the epochs. Our cBCI approach to group decision-making assigns higher weights to individual deci-
sions where a participant was confident (and more likely to be correct) and lower weights to decisions where the 
participant was unsure (and more likely to be incorrect)13,82. To attain this, we trained our cBCI system using 
the correctness of individual decisions, which is available to the cBCI in the training set. The trials in which the 
participant made a correct decision were labelled as correct while those where the participant made an incor-
rect decision were labelled as incorrect. In this approach, the cBCI is trained to predict whether the user made 
a correct or an incorrect decision rather than decoding targets and non-targets. The same approach was used 
to train decision support systems only employing behavioural data (RT and reported confidence) to make their 
predictions.

Estimation of individual decision confidences. Common Spatial Pattern (CSP)87 was used to extract charac-
teristic neural features from each epoch that can distinguish between the correct and incorrect labelled trials. 
The main idea behind CSP is to transform the multi-channel EEG data into a low-dimensional spatial subspace 
using a projection matrix, that can maximise the variance of two-class signal matrices. In our study, we have 
used an eight-fold cross validation to split the data into training and test sets. Each training set is used to com-
pute a CSP projection matrix, which is then applied to transform the data into a low-dimensional subspace 
for the corresponding test. The variances for the two classes (i.e., correct and incorrect responses) are largest 
in the first and the last dimensions of the subspace. So, the logarithm of the variances of the first and the last 
spatial subspaces along with the reconstructed RT (which is known to influence  decisions88) and reported con-
fidence (when required) were used as features for a random forest model to predict the decision confidence. The 
model was fitted using 100 decision trees and Gini criterion. The random forest approach fits sub-samples (with 
replacement) of the dataset on various individual decision trees and the final output is an average of the results 
obtained from each one. This form of estimation improves the prediction accuracy and controls over-fitting. 
Thanks to cross validation all confidence estimates were obtained from test sets, i.e., they were obtained from 
inputs not previously seen by the machine learning model. This method was adopted to avoid over-fitting and 

Figure 8.  Comparison of the average of true RT (in blue) and estimated RT (in red) across 10 participants for 
Patrol and Outpost experiment.
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deliver robust confidence estimates even in the presence of small data samples. A similar random forest model 
was used to calibrate the decision confidence of trials from their corresponding response time (when required).

Formation of groups. Formally, each participant, p, has a final confidence weight wp,i(t) for each trial i, obtained 
either from their decision confidence (cBCI or not) with or without reported confidence, depending on the time 
t after the stimulus event. Group decisions are then made as follows:

where dp,i(t) is the decision of participant p in trial i when checked at time t. Both wp,i(t) and dp,i(t) are assumed 
to be 0 if the participant has not yet made a decision at time t.

Groups of size m=2, . . . , 10 were formed offline by considering the 
(

10

m

)

 combinations of the 10 participants. 

Hence, there are

• 45 groups of size two (for example (1, 2), (2, 3), (9, 10) and more),
• 120 groups of size three (for example (1, 2, 3), (1, 3, 4), (2, 3, 4) and more),
• 210 groups of size four (for example (1, 2, 3, 4), (1, 3, 4, 5), (2, 3, 4, 7) and more),
• 252 groups of size five (for example (1, 2, 3, 4, 5), (1, 3, 4, 5, 9), (2, 3, 4, 7, 8) and more),
• 210 groups of size six (for example (1, 2, 3, 4, 5, 6), (1, 3, 4, 5, 7, 9), (2, 3, 4, 5, 7, 8) and more),
• 120 groups of size seven (for example (1, 2, 3, 4, 5, 6, 7), (1, 3, 4, 5, 7, 9, 10), (2, 3, 4, 5, 6, 7, 8) and more),
• 45 groups of size eight (for example (1, 2, 3, 4, 5, 6, 7, 8), (1, 3, 4, 5, 7, 8, 9, 10) and more),
• 10 groups of size nine (for example (1, 2, 3, 4, 5, 6, 7, 8, 9), (1, 3, 4, 5, 6, 7, 8, 9, 10) and more), and
• 1 group of ten (for example (1, 2, 3, 4, 5, 6, 7, 8, 9, 10)).

Designing the anytime morphing approach to make group decisions. The anytime morphing approach works as 
follows: In a group of responders, when the first responder reacts to a stimulus event in the video feed by click-
ing a mouse button to signify the presence of a target or a non-target, a clock starts. Within a few milliseconds 
the software identifies the stimulus event and it can, therefore, reconstruct the RT for the first responder. The 
EEG data are also already available, and so a first approximation of confidence can be immediately computed 
by the BCI. The group decision at this stage is the decision of the first responder. Then, every 100 ms from the 
first response, the system looks for other members in the group who have responded, uses the first responder 
stimulus event to estimate their RTs, then computes their cBCI confidence and uses a corresponding weighted 
majority (Eq (1)) to produce the group decision (which may, therefore, change over time as more and more team 
members react to the stimulus). At every clock tick, the system also checks whether any of the team members 
who previously responded have also manually provided a confidence value. For those where this has happened, 
the reported confidence is added as input features to obtain a new cBCI-estimated confidence. Every time either 

(1)dgroup,i(t) = sign





m
�

p=1

wp,i(t) · dp,i(t)



,

Figure 9.  An example of the anytime cBCI system for group of size four (see explanation in the main text).
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the pool of responders changes or those who have expressed a confidence changes, the decision weights and, 
then, the group decision are updated, until all group members have made their decisions and reported their 
confidence.

An illustration on the workings of the anytime cBCI system (and the other two behavioural anytime decision 
support systems tested in the paper) is shown in Fig. 9. The polling of group members begins when the system 
detects the first response after the stimulus. At the first response made by Member 2, only the neural and recon-
structed RT features are available to the system and, hence, the decision confidence is determined by the BCI. 
Some time after the first response, a second responder (Member 4) joins the first but the reported confidence 
is not yet available for both responders. Hence, up until this moment, the BCI uses only the neural and recon-
structed RT features to decide the decision confidence for both participants like in our normal (non-anytime) 
cBCI. The situation does not change until, 700 ms after the first response, the reported confidence of the first 
responder is available and, hence, it is added as a new feature to the existing BCI to determine a new decision 
confidence for Member 1, and a third participant (Member 3) has provided a response. So, if a situation demands 
to report a decision at around 700 ms after the onset of stimuli, then based on our example, the anytime BCI will 
make the decision based on neural and reconstructed RT features for two responders (Members 3 and 4) and 
the neural, RT and reported confidence features for one responder (Member 1). Obviously, eventually also the 
fourth group member (Member 1) expressed an opinion and given enough time would also provide a reported 
confidence (not shown in the figure), after which the group decision would be final.

Data availability
The data that support the findings of this study are available on request from the corresponding author [S.B. and 
R.P.]. The data are not publicly available due to funding restrictions.

Code availability
The code that support the findings of this study are available on request from the corresponding author [S.B. and 
R.P.]. The data are not publicly available due to funding restrictions.

Received: 22 November 2020; Accepted: 20 July 2021

References
 1. Glimcher, P. W. & Fehr, E. Neuroeconomics: Decision making and the brain (Academic Press, 2013).
 2. Kahneman, D. & Tversky, A. Choices, values, and frames. Handbook of the fundamentals of financial decision making: part i. 

World Sci. 269–278 (2013).
 3. Wakker, P. P. Prospect theory: For risk and ambiguity (Cambridge University Press, 2010).
 4. Tversky, A. & Kahneman, D. Judgment under uncertainty: Heuristics and biases. Science 185, 1124–1131 (1974).
 5. Tversky, A. & Kahneman, D. The framing of decisions and the psychology of choice. Science 211, 453–458 (1981).
 6. Tversky, A. & Koehler, D. J. Support theory: a nonextensional representation of subjective probability. Psychol. Rev. 101, 547 (1994).
 7. Vachon, F., Lafond, D., Vallieres, B. R., Rousseau, R. & Tremblay, S. Supporting situation awareness: A tradeoff between benefits 

and overhead. In 2011 IEEE International multi‑disciplinary conference on cognitive methods in situation awareness and decision 
support (CogSIMA), pp. 284–291 (IEEE, 2011).

 8. Endsley, M. R. Toward a theory of situation awareness in dynamic systems. In Situational awareness, 9–42 (Routledge, 2017).
 9. Baltes, B. B., Dickson, M. W., Sherman, M. P., Bauer, C. C. & LaGanke, J. S. Computer-mediated communication and group deci-

sion making: A meta-analysis. Org. Behav. Hum. Decis. Process. 87, 156–179 (2002).
 10. Comes, T., Wijngaards, N., Maule, J., Allen, D. & Schultmann, F. Scenario reliability assessment to support decision makers in situ-

ations of severe uncertainty. In 2012 IEEE International Multi‑Disciplinary Conference on Cognitive Methods in Situation Awareness 
and Decision Support, 30–37 (IEEE, 2012).

 11. Endsley, M. R. Automation and situation awareness. In Automation and human performance: Theory and applications, 163–181 
(CRC Press, 2018).

 12. Fleming, S. M. & Lau, H. C. How to measure metacognition. Front. Hum. Neurosci. 8, 1–9. https:// doi. org/ 10. 3389/ fnhum. 2014. 
00443 (2014).

 13. Navajas, J., Bahrami, B. & Latham, P. E. Post-decisional accounts of biases in confidence. Curr. Opin. Behav. Sci. 11, 55–60. https:// 
doi. org/ 10. 1016/j. cobeha. 2016. 05. 005 (2016).

 14. Sporer, S. L., Penrod, S., Read, D. & Cutler, B. Choosing, confidence, and accuracy: A meta-analysis of the confidence-accuracy 
relation in eyewitness identification studies. Psychol. Bull. 118, 315 (1995).

 15. Ais, J., Zylberberg, A., Barttfeld, P. & Sigman, M. Individual consistency in the accuracy and distribution of confidence judgments. 
Cognition 146, 377–386. https:// doi. org/ 10. 1016/j. cogni tion. 2015. 10. 006 (2016).

 16. Baranski, J. V. & Petrusic, W. M. The calibration and resolution of confidence in perceptual judgments. Percept. Psychophys. 55, 
412–428. https:// doi. org/ 10. 3758/ BF032 05299 (1994).

 17. Lichtenstein, S., Fischhoff, B. & Phillips, L.D. Calibration of probabilities: The state of the art to 1980. Tech. Rep., DECISION 
RESEARCH EUGENE OR (1981).

 18. Surowiecki, J. The Wisdom of Crowds (Anchor, New York, 2005).
 19. Bang, D. & Frith, C. D. Making Better Decisions in Groups. R. Soc. Open Sci. 4, 170193. https:// doi. org/ 10. 1098/ rsos. 170193 (2017).
 20. Bonebright, D. A. 40 years of storming: a historical review of Tuckman’s model of small group development. Hum. Resour. Dev. 

Int. 13, 111–120 (2010).
 21. Sniezek, J. A. Groups under uncertainty: An examination of confidence in group decision making. Organ. Behav. Hum. Decis. 

Process. 52, 124–155. https:// doi. org/ 10. 1016/ 0749- 5978(92) 90048-C (1992).
 22. Puncochar, J. M. & Fox, P. W. Confidence in individual and group decision making: When “two heads’’ are worse than one. J. Educ. 

Psychol. 96, 582 (2004).
 23. Branson, L., Steele, N. L. & Sung, C.-H. When two heads are worse than one: Impact of group style and information type on 

performance evaluation. J. Bus. Behav. Sci. 22, 75–84 (2010).
 24. Bahrami, B. et al. Optimally Interacting Minds. Science 329, 1081–1085. https:// doi. org/ 10. 1126/ scien ce. 11857 18 (2010).
 25. Kerr, N. L., Maccoun, R. J. & Kramer, G. P. Bias in judgment: Comparing individuals and groups. Psychol. Rev. 103, 687–719 (1996).
 26. Sorkin, R. D., Hays, C. J. & West, R. Signal-detection analysis of group decision making. Psychol. Rev. 108, 183 (2001).

https://doi.org/10.3389/fnhum.2014.00443
https://doi.org/10.3389/fnhum.2014.00443
https://doi.org/10.1016/j.cobeha.2016.05.005
https://doi.org/10.1016/j.cobeha.2016.05.005
https://doi.org/10.1016/j.cognition.2015.10.006
https://doi.org/10.3758/BF03205299
https://doi.org/10.1098/rsos.170193
https://doi.org/10.1016/0749-5978(92)90048-C
https://doi.org/10.1126/science.1185718


14

Vol:.(1234567890)

Scientific Reports |        (2021) 11:17008  | https://doi.org/10.1038/s41598-021-96434-0

www.nature.com/scientificreports/

 27. Kerr, N. L. & Tindale, R. S. Group Performance and Decision Making. Annu. Rev. Psychol. 55, 623–655. https:// doi. org/ 10. 1146/ 
annur ev. psych. 55. 090902. 142009 (2004).

 28. Grimaldi, P., Lau, H. & Basso, M. A. There are things that we know that we know, and there are things that we do not know we do 
not know: Confidence in decision-making. Neurosci. Biobehav. Rev. 55, 88–97. https:// doi. org/ 10. 1016/j. neubi orev. 2015. 04. 006 
(2015).

 29. Koriat, A. When are two heads better than one and why?. Science 336, 360–362. https:// doi. org/ 10. 1126/ scien ce. 12165 49 (2012).
 30. Ariely, D. et al. The effects of average subjective probability estimates between and within judges. J. Exp. Psychol. Appl. 6, 130–147. 

https:// doi. org/ 10. 1037// 1076- 898X.6. 2. 130 (2000).
 31. Bloomfield, R., Libby, R. & Nelson, M. W. Communication of confidence as a determinant of group judgment accuracy. Organ. 

Behav. Hum. Decis. Process. 68, 287–300 (1996).
 32. Sniezek, J. A. & Henry, R. A. Accuracy and confidence in group judgment. Organ. Behav. Hum. Decis. Process. 43, 1–28 (1989).
 33. Valeriani, D., Cinel, C. & Poli, R. Group augmentation in realistic visual-search decisions via a hybrid brain–computer interface. 

Sci. Rep. 7, 7772. https:// doi. org/ 10. 1038/ s41598- 017- 08265-7 (2017).
 34. van den Berg, B., Appelbaum, L. G., Clark, K., Lorist, M. M. & Woldorff, M. G. Visual search performance is predicted by both 

prestimulus and poststimulus electrical brain activity. Sci. Rep. 6, 37718. https:// doi. org/ 10. 1038/ srep3 7718 (2016).
 35. Kruger, J. & Dunning, D. Unskilled and unaware of it: How difficulties in recognizing one’s own incompetence lead to inflated 

self-assessments. J. Pers. Soc. Psychol. 77, 1121–1134. https:// doi. org/ 10. 1037/ 0022- 3514. 77.6. 1121 (1999). arXiv: 1409. 8351.
 36. Vidal, J. J. Toward direct brain-computer communication. Annu. Rev. Biophys. Bioeng. 2, 157–180 (1973).
 37. Farwell, L. A. & Donchin, E. Talking off the top of your head: toward a mental prosthesis utilizing event-related brain potentials. 

Electroencephalogr. Clin. Neurophysiol. 70, 510–523. https:// doi. org/ 10. 1016/ 0013- 4694(88) 90149-6 (1988).
 38. Wolpaw, J. et al. Brain-computer interface technology: A review of the first international meeting. IEEE Trans. Rehabil. Eng. 8, 

164–173 (2000).
 39. Wolpaw, J. R., Birbaumer, N., McFarland, D. J., Pfurtscheller, G. & Vaughan, T. M. Brain-computer interfaces for communication 

and control. Clin. Neurophysiol. 113, 767–791 (2002).
 40. Birbaumer, N. Breaking the silence: Brain–computer interfaces (BCI) for communication and motor control. Psychophysiology 43, 

517–532. https:// doi. org/ 10. 1111/j. 1469- 8986. 2006. 00456.x (2006).
 41. Bell, C. J., Shenoy, P., Chalodhorn, R. & Rao, R. P. N. Control of a humanoid robot by a noninvasive brain–computer interface in 

humans. J. Neural Eng. 5, 214–220. https:// doi. org/ 10. 1088/ 1741- 2560/5/ 2/ 012 (2008).
 42. Galán, F. et al. A brain-actuated wheelchair: Asynchronous and non-invasive brain–computer interfaces for continuous control 

of robots. Clin. Neurophysiol. 119, 2159–2169. https:// doi. org/ 10. 1016/j. clinph. 2008. 06. 001 (2008).
 43. Kaufmann, T., Herweg, A. & Kubler, A. Toward brain-computer interface based wheelchair control utilizing tactually-evoked 

event-related potentials. J. Neuroeng. Rehabil. 11, 7. https:// doi. org/ 10. 1186/ 1743- 0003- 11-7 (2014).
 44. Lebedev, M. & Nicolelis, M. Brain-machine interfaces: Past, present and future. Trends Neurosci. 29, 536–546 (2006).
 45. Tariq, M., Trivailo, P. M. & Simic, M. Eeg-based bci control schemes for lower-limb assistive-robots. Front. Hum. Neurosci. 12, 

312. https:// doi. org/ 10. 3389/ fnhum. 2018. 00312 (2018).
 46. Trejo, L., Rosipal, R. & Matthews, B. Brain–computer interfaces for 1-d and 2-d cursor control: Designs using volitional control 

of the eeg spectrum or steady-state visual evoked potentials. IEEE Trans. Neural Syst. Rehabil. Eng. 14, 225–229. https:// doi. org/ 
10. 1109/ TNSRE. 2006. 875578 (2006).

 47. Citi, L., Poli, R., Cinel, C. & Sepulveda, F. P300-based BCI mouse with genetically-optimized analogue control. IEEE Trans. Neural 
Syst. Rehabil. Eng. 16, 51–61. https:// doi. org/ 10. 1109/ TNSRE. 2007. 913184 (2008).

 48. Cinel, C., Valeriani, D. & Poli, R. Neurotechnologies for human cognitive augmentation: Current state of the art and future pros-
pects. Front. Hum. Neurosci. 13, 13. https:// doi. org/ 10. 3389/ fnhum. 2019. 00013 (2019).

 49. Kosmyna, N. & Lecuyer, A. A conceptual space for eeg-based brain-computer interfaces. PLoS ONE 14, 1–30. https:// doi. org/ 10. 
1371/ journ al. pone. 02101 45 (2019).

 50. Parasuraman, R. Neuroergonomics: Research and practice. Theor. Issues Ergon. Sci. 4, 5–20. https:// doi. org/ 10. 1080/ 14639 22021 
01997 53 (2003).

 51. Parasuraman, R. & Rizzo, M. Neuroergonomics (Oxford University Press, New York, New York, USA, 2007).
 52. Zander, T. O. & Kothe, C. Towards passive brain-computer interfaces: applying brain-computer interface technology to human–

machine systems in general. J. Neural Eng. 8, 025005 (2011).
 53. Aricò, P. et al. Human factors and neurophysiological metrics in air traffic control: A critical review. IEEE Rev. Biomed. Eng. 10, 

250–263 (2017).
 54. Aricò, P., Borghini, G., Di Flumeri, G., Sciaraffa, N. & Babiloni, F. Passive BCI beyond the lab: current trends and future directions. 

Physiol. Meas. 39, 08TR02 (2018).
 55. Krol, L., M Andreessen, L., & Zander, T. Passive brain–computer interfaces: A perspective on increased interactivity. In Brain‑

Computer Interfaces Handbook: Technological and Theoretical Advances, 69–86: (CRC Press (eds Nam, C. S. et al.) (Boca Raton, FL, 
USA, 2018).

 56. Valeriani, D. & Matran-Fernandez, A. Past and Future of Multi-Mind Brain-Computer Interfaces. In Brain‑Computer Interfaces 
Handbook: Technological and Theoretical Advances. chap. 36 (eds Nam, C. S. et al.) (CRC Press, 2018).

 57. Jiang, L. et al. Rapid face recognition based on single-trial event-related potential detection over multiple brains. In International 
IEEE/EMBS Conference on Neural Engineering, NER, vol. 2015-July, 106–109 (2015).

 58. Matran-Fernandez, A., Poli, R. & Cinel, C. Collaborative Brain–Computer Interfaces for the Automatic Classification of Images. 
In 6th International IEEE/EMBS Conference on Neural Engineering, 1096–1099 (2013).

 59. Stoica, A. et al. Multi-brain fusion and applications to intelligence analysis. Proc. SPIE 8756, 1–8 (2013).
 60. Matran-Fernandez, A. & Poli, R. Collaborative brain-computer interfaces for target localisation in rapid serial visual presentation. 

In 6th Computer Science and Electronic Engineering Conference, 127–132 (2014).
 61. Matran-Fernandez, A. & Poli, R. Towards the Automated Localisation of Targets in Rapid Image-Sifting by Collaborative Brain-

Computer Interfaces. PLoS ONE 12, e0178498. https:// doi. org/ 10. 1371/ journ al. pone. 01784 98 (2017).
 62. Li, Y. & Nam, C. S. A Collaborative Brain–Computer Interface (BCI) for ALS Patients. In Proceedings of the Human Factors and 

Ergonomics Society 59th Annual Meeting, 716–720 (2015).
 63. Katyal, K. D. et al. A collaborative BCI approach to autonomous control of a prosthetic limb system. In IEEE International Confer‑

ence on Systems, Man and Cybernetics, 1479–1482 (2014).
 64. Iturrate, I., Montesano, L. & Minguez, J. Shared-control brain-computer interface for a two dimensional reaching task using EEG 

error-related potentials. Proceedings of the Annual International Conference of the IEEE Engineering in Medicine and Biology Society, 
EMBS 5258–5262 (2013). https:// doi. org/ 10. 1109/ EMBC. 2013. 66107 35

 65. Nijholt, A. & Gürkök, H. Multi-brain games: Cooperation and competition. In International Conference on Universal Access in 
Human–Computer Interaction, 652–661 (2013).

 66. Nijholt, A. Competing and Collaborating Brains: Multi-brain Computer Interfacing. In Brain‑Computer Interfaces. chap. 12 Vol. 
74 (eds Hassanien, A. E. & Azar, A. T.) 313–335 (Springer, Berlin, 2015).

 67. Poli, R., Cinel, C., Matran-Fernandez, A., Sepulveda, F. & Stoica, A. Towards Cooperative Brain–Computer Interfaces for Space 
Navigation. In Proceedings of the 2013 International Conference on Intelligent User Interfaces, 149–160 (ACM Press, New York, 
USA, 2013).

https://doi.org/10.1146/annurev.psych.55.090902.142009
https://doi.org/10.1146/annurev.psych.55.090902.142009
https://doi.org/10.1016/j.neubiorev.2015.04.006
https://doi.org/10.1126/science.1216549
https://doi.org/10.1037//1076-898X.6.2.130
https://doi.org/10.1038/s41598-017-08265-7
https://doi.org/10.1038/srep37718
https://doi.org/10.1037/0022-3514.77.6.1121
http://arxiv.org/abs/1409.8351
https://doi.org/10.1016/0013-4694(88)90149-6
https://doi.org/10.1111/j.1469-8986.2006.00456.x
https://doi.org/10.1088/1741-2560/5/2/012
https://doi.org/10.1016/j.clinph.2008.06.001
https://doi.org/10.1186/1743-0003-11-7
https://doi.org/10.3389/fnhum.2018.00312
https://doi.org/10.1109/TNSRE.2006.875578
https://doi.org/10.1109/TNSRE.2006.875578
https://doi.org/10.1109/TNSRE.2007.913184
https://doi.org/10.3389/fnhum.2019.00013
https://doi.org/10.1371/journal.pone.0210145
https://doi.org/10.1371/journal.pone.0210145
https://doi.org/10.1080/14639220210199753
https://doi.org/10.1080/14639220210199753
https://doi.org/10.1371/journal.pone.0178498
https://doi.org/10.1109/EMBC.2013.6610735


15

Vol.:(0123456789)

Scientific Reports |        (2021) 11:17008  | https://doi.org/10.1038/s41598-021-96434-0

www.nature.com/scientificreports/

 68. Eckstein, M. P., Das, K., Pham, B. T., Peterson, M. F. & Abbey, C. K. Neural decoding of collective wisdom with multi-brain com-
puting. Neuroimage 59, 94–108. https:// doi. org/ 10. 1016/j. neuro image. 2011. 07. 009 (2012).

 69. Yuan, P., Wang, Y., Gao, X. X., Jung, T.-P. & Gao, S. A Collaborative Brain-Computer Interface for Accelerating Human Decision 
Making. In International Conference on Universal Access in Human‑Computer Interaction (eds Stephanidis, C. & Antona, M.) 
672–681 (Springer, Berlin Heidelberg, 2013).

 70. Poli, R., Valeriani, D. & Cinel, C. Collaborative brain–computer interface for aiding decision-making. PLoS ONE 9, e102693. 
https:// doi. org/ 10. 1371/ journ al. pone. 01026 93 (2014).

 71. Poli, R., Valeriani, D. & Cinel, C. Collaborative brain-computer interface for aiding decision-making. PLoS ONE9. https:// doi. org/ 
10. 1371/ journ al. pone. 01026 93 (2014).

 72. Valeriani, D., Poli, R. & Cinel, C. A collaborative Brain-Computer Interface to improve human performance in a visual search 
task. In 2015 7th International IEEE/EMBS Conference on Neural Engineering (NER), 218–223 (IEEE, Montpellier, 2015).

 73. Valeriani, D., Poli, R. & Cinel, C. Enhancement of group perception via a collaborative brain–computer interface. IEEE Trans. 
Biomed. Eng. 9294, 1–11. https:// doi. org/ 10. 1109/ TBME. 2016. 25988 75 (2016).

 74. Valeriani, D., Poli, R. & Cinel, C. A collaborative Brain-Computer Interface for improving group detection of visual targets in 
complex natural environments. In 2015 7th International IEEE/EMBS Conference on Neural Engineering (NER), 25–28 (IEEE, 
Montpellier, 2015).

 75. Valeriani, D., Cinel, C. & Poli, R. Augmenting Group Performance in Target-Face Recognition via Collaborative Brain–Computer 
Interfaces for Surveillance Applications. In 2017 8th International IEEE/EMBS Conference on Neural Engineering (NER), 415–418 
(IEEE, Shanghai, China, 2017).

 76. Valeriani, D. & Poli, R. Cyborg groups enhance face recognition in crowded environments. PLoS ONE 14, e0212935 (2019).
 77. Valeriani, D., Bhattacharyya, S., Cinel, C., Citi, L. & Poli, R. Augmenting group decision making accuracy in a realistic environment 

using collaborative brain–computer interfaces based on error-related potentials. In 7th International BCI Meeting (2018).
 78. Bhattacharyya, S., Valeriani, D., Cinel, C., Citi, L. & Poli, R. Target detection in video feeds with selected dyads and groups assisted 

by collaborative brain-computer interfaces. In 2019 9th International IEEE/EMBS Conference on Neural Engineering (NER), 159–162 
(2019).

 79. Bhattacharyya, S., Valeriani, D., Cinel, C., Citi, L. & Poli, R. Collaborative brain-computer interfaces to enhance group decisions in 
an outpost surveillance task. In 2019 41st Annual International Conference of the IEEE Engineering in Medicine and Biology Society 
(EMBC), 3099–3102 (2019).

 80. Zilberstein, S. Using anytime algorithms in intelligent systems. AI Mag. 17, 73 (1996).
 81. Valeriani, D., Poli, R. & Cinel, C. Enhancement of Group Perception via a Collaborative Brain–Computer Interface. IEEE Trans. 

Biomed. Eng. 64, 1238–1248. https:// doi. org/ 10. 1109/ TBME. 2016. 25988 75 (2017).
 82. Valeriani, D., Cinel, C. & Poli, R. A Collaborative BCI Trained to Aid Group Decisions in a Visual Search Task Works Well with 

Similar Tasks. In Neuroadaptive Technology Conference (NAT’17) (Berlin, 2017).
 83. of Defense, U. D. Autonomy in weapons systems (dod directive 3000.09). https:// www. esd. whs. mil/ porta ls/ 54/ docum ents/ dd/ 

issua nces/ dodd/ 30000 9p. pdf (2017).
 84. Etzioni, A. & Etzioni, O. Pros and cons of autonomous weapons systems. Military Review, May‑June (2017).
 85. Saugat Bhattacharyya, L. C.-D. V., Caterina Cinel & Poli, R. Walking improves the performance of a brain-computer interface for 

group decision making. In Zander, T. O. & Fairclough, S. (eds.) Current Research In Neurotechnology (2021).
 86. Kahneman, D. A perspective on judgment and choice: Mapping bounded rationality. Am. Psychol. 58, 697 (2003).
 87. Ramoser, H., Muller-Gerking, J. & Pfurtscheller, G. Optimal Spatial Filtering of Single Trial EEG During Imagined Hand Move-

ment. IEEE Trans. Rehabil. Eng. 8, 441–6 (2000).
 88. Luce, R. D. Response Times: Their Role in Inferring Elementary Mental Organization Vol. 8 (Oxford University Press, 1986).

Acknowledgements
The authors acknowledge support of the UK Defence Science and Technology Laboratory (Dstl) and Engineering 
and Physical Research Council (EPSRC) under Grant No. EP/P009204/1. This study is part of a collaboration 
between US DoD, UK MOD and UK EPSRC under Multidisciplinary University Research Initiative (MURI) 
and Bilateral Academic Research Initiative (BARI).

Author contributions
S.B., D.V., C.C, L.C. and R.P. conceived the study, designed the experiment and contributed to the data analysis 
and the writing of the manuscript. S.B. and D.V. implemented the experiments and performed the data record-
ing with human participants.

Competing interests 
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https:// doi. org/ 
10. 1038/ s41598- 021- 96434-0.

Correspondence and requests for materials should be addressed to S.B. or R.P.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

https://doi.org/10.1016/j.neuroimage.2011.07.009
https://doi.org/10.1371/journal.pone.0102693
https://doi.org/10.1371/journal.pone.0102693
https://doi.org/10.1371/journal.pone.0102693
https://doi.org/10.1109/TBME.2016.2598875
https://doi.org/10.1109/TBME.2016.2598875
https://www.esd.whs.mil/portals/54/documents/dd/issuances/dodd/300009p.pdf
https://www.esd.whs.mil/portals/54/documents/dd/issuances/dodd/300009p.pdf
https://doi.org/10.1038/s41598-021-96434-0
https://doi.org/10.1038/s41598-021-96434-0
www.nature.com/reprints


16

Vol:.(1234567890)

Scientific Reports |        (2021) 11:17008  | https://doi.org/10.1038/s41598-021-96434-0

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© The Author(s) 2021

http://creativecommons.org/licenses/by/4.0/

	Anytime collaborative brain–computer interfaces for enhancing perceptual group decision-making
	Results. 
	Tasks. 
	The tasks are difficult for individual decision makers. 
	ERP analysis shows differences in brain activity for correct and incorrect decisions. 
	Groups assisted by a collaborative BCI are more accurate than traditional groups. 
	Decision confidences derived from physiological and neural measures are good at assessing one’s decision. 
	Anytime morphing between decision support systems gives optimal time vs accuracy trade-offs. 

	Discussion. 
	Methods. 
	Participants. 
	Stimuli description. 
	Data recording and pre-processing. 
	Reconstruction of response time. 
	Labelling the epochs. 
	Estimation of individual decision confidences. 
	Formation of groups. 
	Designing the anytime morphing approach to make group decisions. 

	References
	Acknowledgements


