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Operators often fail to rely sufficiently on alarm systems. This results in a joint human-machine (JHM) sensitivity below the one of the alarm system. The ‘confidence vs. trust hypothesis’ assumes the use of the system depends on the weighting of both values. In case of higher confidence, the task is performed manually, if trust is higher, the user relies on the system. Thus, insufficient reliance may be due to operators’ overconfidence in their own abilities and/or insufficient trust in the decision automation, but could be mitigated by providing feedback. That was investigated within a signal detection task, supported by a system with either higher sensitivity (HSS) or lower sensitivity (LSS) than the human, while being provided with feedback or not. We expected disuse of the LSS and insufficiently reliance on the HSS, in the condition without feedback. The feedback was expected to increase reliance on the HSS through an increase in trust and/or decreases in confidence, and thus, improve performance. Hypotheses were partly supported. Confidence in manual performance was similar to trust in the HSS even though humans’ sensitivity was significantly lower than systems’ sensitivity. While confidence had not effect on reliance or JHM sensitivity, trust was found to be positively related with both. We found disuse of the HSS, that could be improved through feedback, increasing also trust and JHM sensitivity. However, contrary to ‘confidence vs. trust’ expectations, participants were also found to make use of the LSS. This misuse could not be reduced by feedback. Results indicate the use of feedback being beneficial for the overall performance (with HSS only). Findings do not support the idea that misuse or disuse of the system may result from comparison of confidence and trust. We suppose it may rather be the product of users’ wrong strategy of function allocation, based on the underlying idea of team work in combination with missing assignment of responsibility. We discuss this alternative explanation.
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INTRODUCTION

In many safety-related work environments, such as process industries, aviation, or health care, operators have to continuously monitor the situation and the underlying processes. They are usually supported by alarm systems which warn them of critical events or deviations from the normal operating state.

Although there are very few accidents in high reliability organizations (e.g., Roberts and Rousseau, 1989; Desai et al., 2016; Schulmann, 2016; Martínez-Córcoles et al., 2018), the consequences of accidents in such environments can be severe. Unfortunately, accidents in these highly technologically driven fields are often the result of inadequate responses to available alarms (e.g., Bransby and Jenkinson, 1998; Bliss, 2003; NTSB, 2006).

One common problem is the lack of reliance on the alarm systems, which decreases performance (e.g., Bartlett and McCarley, 2017). The current study aims to investigate whether providing performance feedback represents an adequate countermeasure to this problem. While some studies already used feedback (e.g., Onnasch et al., 2014a), it has never been systematically investigated, whether feedback really improves reliance and thus performance. Furthermore, we want to understand the effect of feedback on the underlying concepts of self-confidence and trust.

The False Alarm Problem

One of the potential reasons for the disuse (i.e., insufficient use of automation) of alarm systems is the frequency of false alarms (Parasuraman and Riley, 1997). The reason for the large number of false alarms in almost all safety-related work environments is the fail-safe approach, which aims to minimize the number of critical events that are missed (Swets, 1992). Alarm thresholds are usually set very low, and systems generate alarms whenever they detect the slightest deviation from the normal state. But in most cases these alarms then turn out to be false. The frequent experience of false alarms can decrease the operators’ trust in alarm systems (e.g., Lee and See, 2004; Madhavan et al., 2006; Rice, 2009). This can lead to the disuse of the system in terms of longer reaction times and a decrease in the tendency to respond to alarms (e.g., Bliss et al., 1995; Getty et al., 1995; Dixon et al., 2007; Chancey et al., 2017) – what has been referred to as the cry wolf phenomenon (Breznitz, 1984). Also the opposite effect can be observed. In case of high trust, operators rely more on the automation (e.g., Lees and Lee, 2007; Körber et al., 2018).

Disuse Through Miscalibration of Information

Ideally, users should use alarm systems so that the joint human machine (JHM) performance is better than the performance of either the human or the alarm system alone (Sorkin and Woods, 1985). They should perform the task manually if their sensitivity (discrimination ability) is higher than the system’s, because the use of unreliable automation results in decreased performance (Chavaillaz and Sauer, 2017). However, if the systems’ sensitivity exceeds the users’, they should rely on the system, even though it is not perfectly reliable. Accordingly, some researchers have suggested a theoretical framework based on the ‘confidence vs. trust hypothesis.’ That is, the use of the alarm system may depend on the comparison of trust in the alarm system with operators’ confidence regarding their own abilities. Whenever trust in the system exceeds self-confidence, operators would rely on the system, whereas when the level of trust was lower than the level of self-confidence, they would base their decisions on their own interpretation of the available information (Lee and Moray, 1992; Madhavan and Wiegmann, 2007).

However, most studies find a tendency to disuse automation. That is, participants perform the task manually to a greater extent than warranted and do not sufficiently use the advices of the alarm system. As a consequence, the JHM performance has often been found to be suboptimal in that the overall sensitivity was lower than the sensitivity of the system alone (e.g., Dixon and Wickens, 2006; Rice et al., 2010; Meyer et al., 2014; Bailey, 2015; Bartlett and McCarley, 2017). When participants notice that an alarm system is not perfectly reliable, they often tend to reduce compliance (Meyer, 2004) with alarms and rely on their own ability to discriminate between critical and normal events. This might be the result of miscalibration, either based on insufficient trust or on overconfidence. The latter is a well-known bias in decision-making research.

Overconfidence Bias in Behavioral Decision-Making

A large body of literature on behavioral decision-making deals with people’s ability to judge the quality of their own decision-making. One consistent finding over the years has been the appearance of overconfidence, defined as a tendency to be more confident in the correctness of one’s own decisions than is actually warranted (e.g., Yates, 1990; Harvey, 1997; Klayman et al., 1999). Overconfidence represents a problem in many domains and was investigated especially in economic and political decision making (Ortoleva and Snowberg, 2015; Ringuest and Graves, 2017; Tsai et al., 2018). One aspect of such overconfidence is the tendency to overestimate one’s own performance in a task (Moore and Healy, 2008; Merkle and Weber, 2011), which is more pronounced for difficult tasks than for easy ones (Larrick et al., 2007). In addition, it has been found that if participants receive more information relevant to the task, their overconfidence increases to a greater extent than their accuracy (Tsai et al., 2008). However, there are differences both in the degree of overestimation for different tasks, as well as between individuals (Klayman et al., 1999).

Feedback as a Countermeasure for Reducing Overconfidence

Some researchers have shown that providing performance feedback is an operant way to reduce overconfidence (e.g., Arkes et al., 1987; O’Connor, 1989; van Loon and Roebers, 2017), whereas others did not find this positive effect of feedback (e.g., Subbotin, 1996; Pulford and Colman, 1997; Zamary et al., 2016). Stone and Opel (2000) found different effects of various types of feedback. While a treatment that was referred to as environmental feedback, representing a sort of training with task-relevant information, led to an increase in overconfidence, performance feedback on the actual decision-making could reduce the overconfidence. Additionally, it was shown that feedback about the reliability of the task-relevant information could help to reduce overconfidence of the decision-maker (Bregu, 2017).

In alarm research, the effect of feedback on use and performance has not yet been systematically investigated. Nevertheless, different studies employed various ways to provide feedback. The most common approach is to provide feedback after each trial. This can either be done by directly notifying the users about whether their decision was correct or not, or by informing them if the indication given by the alarm system was right or wrong (e.g., Bliss et al., 1995; Getty et al., 1995; Madhavan et al., 2006; Dixon et al., 2007; McBride et al., 2011; Rice and McCarley, 2011; Meyer et al., 2014). Some paradigms provide indirect feedback, where the appropriateness of the alarm and the participant’s decision can be inferred from cross-checking underlying information (i.e., signal present or absent) or by monitoring the further development of the situation (e.g., Bustamante et al., 2007; Bahner et al., 2008; Möller et al., 2011; Onnasch et al., 2014a). A few studies did not give instant feedback after each decision, but provided summarized feedback at the end (e.g., Manzey et al., 2014; Wiczorek and Manzey, 2014), which represents the condition in many real-world scenarios.

It is reasonable that feedback could improve system use, either through the increase of trust in the automation, or through the decrease of (over-)confidence, or even both. We consider it important to understand these underlying mechanisms as base for developing efficient ways of providing appropriate feedback to users of alarm systems.

The Experiment

In the current experiment we aim to investigate the impact of feedback when working with automation of different sensitivity on the use of automation and resulting performance. Furthermore, we want to understand whether these potential effects result from changes in trust, confidence or both.

Two alarm systems with different sensitivity were used by the participants in the current experiment and outcomes were compared with the manual performance of the participants. The systems are designed in a way that the sensitivity of the one (high sensitivity system, HSS) exceeds the humans’ sensitivity, while the sensitivity of the other system (low sensitivity system, LSS) remains below. While the two alarm systems will be modeled based on signal detection theory (SDT, Green and Swets, 1966), the mean sensitivity of the human subjects can be achieved through adaptation of stimulus material. The two conditions (HSS vs. LSS) will be further divided in one group receiving feedback and another group without. After training the task alone, a manual performance block will be conducted, followed by a system performance block with prior training with the system. Sensitivity and reliance serve as objective measures, complemented by subjective assessment of confidence and trust. While confidence is usually measured through participants’ estimated performance, trust is often assessed on a multidimensional questionnaire. In order to compare both measures with each other, we decided to assess both in the same way using comparable single item scales. Hypotheses are:

H1: Following the ‘confidence vs. trust’ hypothesis, higher confidence should reduce reliance on the system, while higher trust should increase reliance. Thus, reliance should be positively correlated with trust and negatively correlated with confidence. H2: This should result in higher reliance on the HSS compared to the LSS, which is expected to lead to manual performance. H3: As a result, performance with the system should be higher compared to manual performance when using the HSS and there should not be a difference between manual and system supported performance with the LSS. Accordingly, trust should be positively correlated with performance, while confidence should not. H5: However, in line with prior studies (e.g., Dixon and Wickens, 2006; Rice et al., 2010; Meyer et al., 2014), we expect a certain disuse in terms of insufficient reliance on the HSS, indicating a general tendency for overconfidence, that is known from decision making research (e.g., Yates, 1990; Harvey, 1997; Klayman et al., 1999), and/or insufficient trust in the alarm system. H6: Providing feedback should improve participants’ use decisions. They should keep or even reduce the low reliance on the LSS, while increasing reliance on the HSS. H7: This effect should be achieved through an increase of trust in the system, or a decrease of (over-)confidence, or both. H8: Changes in reliance should rise performance. Thus, feedback should lead to a better performance in terms of JHM sensitivity.

MATERIALS AND METHODS

“Tel Aviv University Ethics Committee for Research with Human Subjects” approved the study under the name: “Decision making with alerting systems” (no serial numbers available). All procedures were performed in accordance with the Declaration of Helsinki, in compliance with relevant laws, institutional guidelines. Informed consent was obtained from each participant and privacy rights were observed.

Participants

Eighty students from Tel Aviv University participated in the experiment. We recruited the participants through ads that were put out on campus and through student electronic bulletin boards. We paid them a show-up fee for participating in the experiment of 40 ILS (US $10). Additionally, participants took part in a lottery of four times 100 ILS (about $28.00). Each point in the performance score was a lottery ticket for this lottery, so that participants had an incentive to collect as many points as possible. Their background was in mechanical engineering, industrial engineering and management, political science, and biomedical engineering. Their ages ranged from 19 to 32 years (M = 24.25, SD = 2.25), 43 were male and 37 female. They were randomly assigned to one of four experimental groups of 20 participants each. They were informed about the purpose of the study without receiving too much detailed information that would affect the results.

Design

The experiment consisted of a 2 (Sensitivity) × 2 (Feedback) between-subjects design. Half of the participants worked with the LSS and the other half interacted with a HSS. Half of each sensitivity group received visual feedback after each decision during the experimental blocks, while the other half received no feedback. All participants first conducted the task manually, as a baseline, half of them with feedback, the other half without, and then performed with the support of an alarm system. Before, participants of all groups were trained manually and with the system where all of them received feedback to get familiar with the task and the automation.

Task

The simulation environment has been used before (Meyer et al., 2014). Participants carried out a signal detection task on a 22″ Screen. The task was introduced as a quality control task, similar to those in manufacturing. Participants saw pictures containing vertical bars until they responded or up to 20 s. Then the simulation proceeded to the next picture. The lengths of the bars in the pictures were drawn from two normal distributions with different mean lengths. One distribution represented the intact products and the other the faulty ones. The task was to decide whether to sort out the product or to let it pass based on its length. Participants had to indicate their decision by clicking the corresponding button below the picture (see Figure 1).
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FIGURE 1. Simulation environment.



In the system performance blocks, an automated decision aid supported participants by showing a cue under the picture 1 s after the picture onset. The cue was either a red or a green horizontal bar with the word ‘Sort out’ or ‘Pass,’ respectively. In the feedback conditions, visual feedback was provided after each decision (i.e., ‘you were right’ vs. ‘you were wrong’).

Alarm Systems

While participants performed the task unaided in the manual performance block, they were supported by one of two alarm systems in the system performance block. Both systems were designed based on SDT. The SDT derives of the field of psycho physics. It describes the detection of signals in noisy environments. Therefore, the noise and the signal (noise+signal) are represented as two overlapping density distributions. SDT allows the differentiation between the sensitivity and the criterion (response bias) of the alarm system (Egan, 1975). The distance between the two curves represents the sensitivity d’ of the system, while the criterion c gives information regarding the systems proclivity toward alarms or their absence. The two decision aids differed with regard to their sensitivity d’. Both had a neutral criterion c, leading to an equal number of misses and false alarms. That was achieved by keeping the positive predictive value (PPV) and the negative predictive value (NPV) equal. The PPV represents the conditional probability of the presence of a signal, given a red cue (Getty et al., 1995). The NPV indicates the conditional probability of the absence of a signal, given a green cue (Meyer and Bitan, 2002).

The underlying base rate of faulty products was 0.5. The HSS had a PPV and NPV of 0.9, each, deriving from a d’ of 2.6. The LSS had a PPV and NPV of 0.7 and a corresponding sensitivity of 1.05.

Creation of Stimuli

We designed the experiment so that participants would encounter either an alarm system with a sensitivity higher than their own or one with a sensitivity lower than their own. The calculated medium PPV/NPV (between 0.9 and 0.7 of the two systems) is 0.8. With the same base rate of 0.5 it results in a set value of d’ = 1.68. This set value we tried to achieve by manipulating the stimulus material (i.e., changing length of the bars of the two distributions).

The final stimulus material was evaluated in a pretest with five participants. The analysis showed a mean d’ of M = 1.65 with a standard deviation SD = 0.15. One sample t-tests (two-tailed), with the significance level set to p = 0.2 for null hypothesis testing, indicated no difference between the calculated d’ = 1.68 and the observed value, t(4) = −0.49, p = 0.648. Thus, it was decided to use those pictures for the experiment.

Payoff

For every correct decision (i.e., letting an intact product pass and sorting out a faulty product) participants gained ten points. They lost ten points for every wrong decision (sorting out intact products or letting faulty ones pass). Participants could join a lottery after the experiment, where their score determined the probability of winning a small cash prize.

Measures

• Confidence ratings were assessed twice with a single item questionnaire after the manual performance block and again after the system performance block. Participants were asked how confident they were regarding their decisions during the previous block. Answers were assessed on a 5-point Likert-scale, ranging from ‘not confident at all’ to ‘very confident.’

• Trust ratings were assessed twice with a single item questionnaire after the system training block and again after the performance block. Participants were asked how much they trusted the system they had worked with. Answers were assessed on a 5-point Likert-scale, ranging from ‘not at all’ to ‘very much.’

• We recorded participants’ decisions, and used these to calculate behavior measures, based on SDT. Reliance and compliance are the two different responses toward the binary cues of an alarm system. According to Meyer (2004) compliance refers to following the alarm system in case it generates an alarm (e.g., red cue) and engage in action, while reliance means refraining from any action in the absence of an alarm (e.g., green cue). Compliance and reliance were calculated using the manual performance block (i.e., baseline) as reference, as suggested by Meyer et al. (2014). The difference between participants’ internal cut-off setting (i.e., criterion c) in the manual performance block (cmanual) and their cut-off settings in the system performance block with green and red cues (csystem/green and csystem/red) constitutes reliance and compliance, respectively. We calculated c using the z-transformations of the hit-rate, which is based on the proportion of hits out of all signal events, and the false alarm-rate, which is based on the proportion of false alarms out of all noise events:
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Reliance is observed when participants’ cut-off with green cues (i.e., indicating the decision to let the product pass) is higher (i.e., more conservative) than their cut-off without any cues. Compliance means the liberalization (i.e., lowering) of cut-offs with red cues. Both have positive values, with higher values indicating stronger compliance or reliance, pointing to a greater tendency to follow the system’s advice.

• Sensitivity d’ was calculated (based on participants’ decisions using SDT) by subtracting the z-transformed hit-rate from the z-transformed FA-rate:

[image: image]

Sensitivity in the manual performance block describes the human’s discrimination ability, while JHM d’ in the system performance block represents the joint human-machine sensitivity.

Procedure

The whole experiment lasted about 1 h. Participants first signed a consent form and received standardized instructions on a PC screen. The experiment consisted of a manual phase (training block and performance block) and a system phase (training block and performance block). Participants initially performed a manual training (60 trials). During the training phase all of them received online feedback after each decision to become familiar with the task. They then performed the manual experimental block consisting of 60 trials, with only half of the participants receiving online feedback. Participants then completed the confidence questionnaire. They were then trained with the system they would use afterward. The system training phase consisted of 80 trials, and all participants received online feedback after each decision to become familiar with the system. After the training they completed the trust questionnaire. They then performed the system experimental block with 200 trials. Only half of the participants received online feedback. After the system experimental block, participants completed the confidence questionnaire and the trust questionnaire again. At the end of the experiment, participants were thanked and dismissed. They were also given the possibility to ask questions about the study. An overview of the procedure is displayed in Figure 2.
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FIGURE 2. Procedure of the training and experimental blocks, and dependent measures.



RESULTS

We used an alpha level of 0.05 for all statistical tests unless otherwise stated. To analyze data from the system performance block, we conducted ANOVAs with Sensitivity and Feedback as between-subject factors, and with the Behavioral tendency, compliance and reliance, as a within subject factor. We used t-tests for independent samples (two-tailed) to analyze the data from the manual performance block to compare the groups with and without feedback, and for the trust assessments after the system training phase to compare the groups with the HSS and the LSS. T-tests were also used for post hoc comparisons, which served to further investigate interaction effects and to compare manual and system performance. Means and standard deviations of all dependent measures can be found in Table 1.

TABLE 1. Means (and standard deviations in brackets) of all dependent measures for the manual performance block and system performance block (separate for HSS and LSS) with and without feedback.
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Confidence Ratings

Manual Performance Block

The analysis did not reveal a significant difference between the groups with feedback (M = 3.45) and without feedback (M = 3.40). The confidence in decisions did not differ as a function of feedback.

System Performance Block

Analyses revealed significant main effects of Sensitivity F(1,76) = 6.8, p = 0.011, [image: image] = 0.08, and of Feedback, F(1,76) = 10.38, p = 0.002, [image: image] = 0.12. The interaction effect did not reach significance.

Participants’ confidence was higher when receiving feedback. That was true for the HSS (with feedback M = 4 vs. without feedback M = 3.2), as well as for the LSS (with feedback M = 3.3 vs. without feedback M = 3). On average, HSS led greater confidence than did LSS. Figures 3A,B depict the mean values of confidence.
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FIGURE 3. (A) Mean values of confidence in the manual performance block with and without feedback. (B). Mean values of confidence using HSS and LSS with and without feedback.



Additionally, we used one sample t-tests (two-tailed) to compare the confidence of the system performance block with the mean confidence of the manual performance block (M = 3.48). The Bonferroni-corrected significance level of p = 0.0125 was applied. When using the HSS with feedback, confidence was significantly higher than when performing the task manually t(19) = 3.21, p = 0.005. Confidence in the other three conditions of the system performance block did not differ significantly from the manual performance block.

Trust Ratings

System Training Phase

Trust in the system, assessed after the training phase, was analyzed with a t-test for independent samples (two-tailed), comparing the two groups with HSS and LSS. Participants who were trained with the HSS had more trust in the system (M = 3.35) than those who were trained with the LSS (M = 2.53), t(78) = 5.85, p < 0.001. Results can be seen in Figure 4A.
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FIGURE 4. (A) Mean values of trust in the HSS and LSS after the training block. (B) Mean values of trust after using HSS and LSS with and without feedback in the system performance block.



System Performance Block

The main effect of Sensitivity was found to be significant, F(1,76) = 35.59, p < 0.001, [image: image] = 0.32, while the main effect of Feedback and the interaction effect were not. Trust in the system was higher for the HSS (M = 3.33) than for the LSS (M = 2.25), and feedback had no impact on trust. Results can be seen in Figure 4B.

Additionally, we used one sample t-tests (two-tailed) to compare trust assessed in the system training block with trust assessed in the system performance block for trust in the HSS and trust in LSS, separately. The Bonferroni-corrected significance level of p = 0.025 was applied. Trust in HSS did not change between training and performance block, whereas trust in LSS decreased significantly, t(39) = −2.81, p = 0.009.

Comparison of Confidence and Trust

We used one sample t-tests (two-tailed) to compare the trust ratings after the training phase with the mean confidence of the manual performance block (M = 3.48) to investigate the ‘confidence vs. trust hypothesis.’ The Bonferroni-corrected significance level of p = 0.025 was applied. It was found that trust in the HSS did not differ significantly from confidence in the manual performance block, while trust in the LSS was significantly lower, t(39) = −10.9, p < 0.001.

Reliance and Compliance

System Performance Block

We found a significant main effect of Sensitivity, F(1,76) = 34.95, p < 0.001, [image: image] = 0.32, as well as a significant main effect of Feedback, F(1,76) = 16.46, p < 0.001, [image: image] = 0.18. Neither the main effect of Behavioral Tendency, nor any of the interaction effects reached significance. Both compliance and reliance were higher for the HSS compared to the LSS. Feedback increased both compliance and reliance compared to no feedback. Figures 5, 6 show the means for compliance and reliance.
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FIGURE 5. Mean values of compliance with the HSS and the LSS with and without feedback.
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FIGURE 6. Mean values of reliance on the HSS and the LSS with and without feedback.



Sensitivity (d’)

Manual Performance Block

The human sensitivity d’ did not differ significantly between the group with feedback (M = 1.78) and the group without feedback (M = 1.79). However, additionally one sample t-tests (two-tailed) indicated that participants’ sensitivity d’ was significantly lower than the one of the HSS, t(79) = −18.97, p < 0.001, as well as significantly higher than the one of the LSS, t(79) = 17.79, p < 0.001.

System Performance Block

Analyses of the JHM d’ revealed significance for the main effect of Sensitivity, F(1,76) = 46.32, p < 0.001, [image: image] = 0.38, for the main effect of Feedback, F(1,76) = 6.81, p = 0.01, [image: image] = 0.08, and for the interaction effect of Sensitivity × Feedback, F(1,76) = 6.26, p = 0.02, [image: image] = 0.08. Post hoc single comparisons were made to further investigate the interaction effect by comparing the two Feedback conditions (with and without feedback) separately within each system sensitivity group. The Bonferroni-corrected significance level of p = 0.025 was applied. In the HSS group a significant difference was found for the conditions with feedback (M = 2.48) and without feedback (M = 2), t(38) = 2.75, p = 0.009, whereas in the LSS group the condition with feedback (M = 1.61) and without feedback (M = 1.60) did not differ significantly.

The JHM sensitivity d’ was higher when participants used the HSS compared to the LSS. Availability of feedback led to a higher performance, but that was true only for the HSS group. Figures 7A,B show the mean d’ values.
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FIGURE 7. (A) Mean values of human sensitivity d’ in the manual performance block with and without feedback. (B) Mean values of JHM sensitivity d’ using HSS and LSS with and without feedback.



Additionally, one sample t-tests (two-tailed) were conducted to compare the different JHM sensitivities with the mean human sensitivity of the manual performance block (M = 1.79). The Bonferroni-corrected significance level of p = 0.0125 was applied. For the HSS, analyses revealed a significantly higher d’ with feedback, t(20) = 11.87, p < 0.001, and no significant difference without feedback. For the LSS, d’ values were significantly lower both with feedback, t(20) = −4.53, p < 0.001, and without feedback, t(20) = −3.39, p = 0.003.

Only the combination of a HSS and performance feedback could improve d’ over manual performance. In contrast, the use of the LSS did worsen performance.

Correlation of Trust and Confidence With Behavior and Performance

Trust assessed in the training block was found to be positively correlated with reliance, r = 0.31, p = 0.005, but not compliance in the system performance block, and also positively correlated with JHM d’ in the system performance block, r = 0.32, p = 0.004. That means the higher the prior trust in the system the more participants rely on the green cues (i.e., ‘Let pass’), which rise JHM d’. In contrast, no correlation between confidence in the manual performance block and compliance, reliance or d’ in the system performance block was found. Thus, trust can serve as predictor of behavior and performance while confidence does not.

DISCUSSION

The purpose of the study was to investigate, whether performance feedback has the potential to mitigate the disuse of alarm systems, and to understand how the feedback affects the underlying components of self-confidence and trust. We compared participants’ use of assistance systems with high and low sensitivity with and without feedback with regard to system use and resulting performance, while assessing confidence in participants’ decisions as well as trust in the system.

Behavior and Performance

When no feedback was available, participants made some use of the HSS, as measures of compliance and reliance show, but not in a sufficient way. JHM sensitivity did not significantly differ from human sensitivity in the manual performance block, and therefore remained much below the system’s sensitivity. This finding corresponds to our hypothesis that participants would not use the system sufficiently and is in line with prior findings (Dixon and Wickens, 2006; Rice et al., 2010; Meyer et al., 2014; Bailey, 2015; Bartlett and McCarley, 2017). Providing online feedback led to significantly higher values of compliance and reliance with the HSS, which significantly increased JHM sensitivity. However, the performance value was still below the sensitivity which could have been achieved when completely relying on the system.

Participants who were supported by the LSS should have done the task manually, ignoring the system as it could not increase their sensitivity. However, they still did rely to some extent on the system. This behavior was detrimental, because the JHM sensitivity was significantly lower than participants’ unaided sensitivity. The availability of feedback had no significant impact on participants’ behavior and the resulting performance when using the LSS.

Confidence and Trust

Confidence ratings in the manual block did not differ as a function of the availability of feedback. This result is in line with other studies in not finding a confidence reducing effect of feedback (e.g., Subbotin, 1996; Pulford and Colman, 1997). However, the manual performance block was preceded by training with feedback which corresponds to the two types of feedback (environmental and performance) described by Stone and Opel (2000). Thus, it is possible that the training block already led to a reduction of preexisting overconfidence for all the participants.

Trust in the system training block varied according to system sensitivity. A comparison of confidence in the manual performance block vs. trust in the system training block was made to further investigate the ‘trust vs. confidence’ hypothesis (e.g., Lee and Moray, 1992; Madhavan and Wiegmann, 2007). Confidence of participants in their own decisions (M = 3.48) did not differ significantly from trust in the HSS (M = 3.35) even though system’s d’ exceeded the humans’ sensitivity (d’ = 2.6 vs. d’ = 1.79, respectively). This miscalibration between confidence and trust could either be the result of overconfidence or undertrust. In any case, it was accompanied by the disuse of the system. In contrast, while trust in the LSS was below confidence, participants did not decide to do the task completely manually, but rather they relied on the system to some extent. Thus, the current experiment does not provide evidence for the ‘trust vs. confidence’ hypothesis.

Contrary to prior effects of feedback on confidence (e.g., Arkes et al., 1987; O’Connor, 1989), the feedback did not reduce confidence in the system performance block. Instead, it led to an increase in confidence. However, confidence reported after the system performance block referred to decision-making in a task supported by an alarm system. Thus, it is possibly an integration of participants’ and systems’ abilities rather than confidence in participants’ abilities alone. In future studies it is recommended to further discriminate between contribution of system and contribution of human to the overall confidence.

Unlike their confidence, participants’ trust ratings were unaffected by feedback. Both confidence and trust increased as a function of system sensitivity.

Correlations of trust and confidence with behavior and performance also contradict the ‘confidence vs. trust’ hypothesis. Prior trust was found to have a positive impact on reliance, which is in line with previous studies (e.g., Lees and Lee, 2007; Körber et al., 2018). However, no negative correlations with prior confidence and compliance or reliance where found that could have supported the hypothesis.

Potential Alternative Reasons for the Non-optimal Use of Decision Aid

In the current study we found both disuse and misuse (i.e., exceeded use) of assistance systems. Thus, we conclude the existence of a general tendency for miscalibration of the weight given to information from a decision aid that can manifest itself in different ways. It can lead to the insufficient use of highly sensitive automation, as well as to the excessive use of LSS. The miscalibration of trust and confidence may play a role in this context. However, the current results do not fully support this assumption, and other possible explanations should be considered.

When comparing our results from human-machine interaction with those from research on human-human interaction, we found similar findings in the study of Bahrami et al. (2010). They also showed that the combination of two decision makers with different sensitivities remained below the performance level of the better one. Additionally, they could show that communication between the parties improved performance even without feedback. This could imply that beyond information about system reliability also information regarding the validity of each single system advise would be needed. This information enables the user to decide for each trial, whether it is suitable to follow the systems advise. For this purpose the use of likelihood alarm systems had been suggested. They communicate their own certainty regarding their advise via graded warnings (e.g., Sorkin et al., 1988; Wickens and Colcombe, 2007).

The current results also correspond with findings from Harvey and Fischer (1997), who investigated whether decision-makers that differ in expertise (novice, medium, experts) take advice from others. The advice-givers also differed with regard to their expertise on the same three levels. The authors conclude that three different mechanisms explain the acceptance of advice. The first mechanism described by Harvey and Fischer (1997) is ‘avoidance of complete rejection.’ Even expert decision-makers accepted approximately 20% of the advice given by novices, because it had presumably been given with a positive intention. This might resemble the unexpected use of the LSS by participants in our experiment. Following this assumption, it is possible that people feel the need to use a system that is introduced to them as assistance or decision aid, even if the quality of the system is low.

The second mechanism described by Harvey and Fischer (1997) is a wish to ‘improve judgment.’ They found that decision-makers increased their acceptance of advice when advice-givers were more experienced, corresponding to our participants relying more on the HSS than on the LSS. More interestingly, their participants, similar to ours, did not use the offered support sufficiently, as not even the novice decision-makers took more than 40% of advice. Harvey and Fischer (1997) explain this with overconfidence, which is analogous to our own initial hypothesis.

However, an alternative explanation should be considered. It is possible that when participants fail to rely sufficiently on a HSS, they follow a similar rationale as those showing overreliance. If the task is assigned to the operators and the system is only there to assist, they might feel the need to contribute to the task regardless whether this is beneficial or not to the overall performance. Thus, the assignment of insufficient significance may be the result of participants’ interpretation of teamwork, i.e., interaction. Perhaps this problem arises when function allocation to the human and the automation is not clearly defined. This assumption also matches the third mechanism of ‘shared responsibility.’ Harvey and Fischer (1997) participants took more advice from others when the task was important, i.e., the risk was high. While we did not vary risk in the current study, Wiczorek and Meyer (2016) showed an increase of manual performance in a human-machine task as a function of risk. Both tendencies, though pointing in different directions, again reflect the concept of teamwork.

Thus, we assume that users’ wrong strategy of function allocation is not the result of overconfidence but the product of participants trying to integrate decisions of both agents in the task to interact as a team.

Implications for Improving Function Allocation

Our results have several potential implications for the allocation of functions to humans and automation in decision tasks. Firstly, operators supported by decision aids may have a tendency to follow at least some of the advice, and they will also try to contribute to the task themselves. This behavior possibly results from their perception of function allocation, which is based on the idea of teamwork. It will in most cases lead to non-optimal performance (by either assigning too much or too little weight to the information from the decision aid).

Secondly, it may be possible to increase or reduce the reliance on automation in a decision-making task by varied responsibility assignments. This could be done for instance by changing, the level of automation (LOA, Sheridan and Verplank, 1978), at which the aid supports the user. A meta-analysis of Onnasch et al. (2014b) could find effects of LOA on different dependent measures such as workload, situation awareness, etc. As tasks in these studies represent monitoring instead of quality control tasks and systems had very high reliabilities, they were rather focusing on misuse resulting from complacency (see Parasuraman and Manzey, 2010) than on disuse of alarm systems (Parasuraman and Riley, 1997). Thus, the effect of LOA on compliance and reliance with decision automation should be invested in future studies.

Thirdly, humans and decision aids should only form a team when their abilities complement each other. That is the case when both agents base their decisions on different parameters or apply different decision algorithms. If they do not do so, the task should be assigned to the agent with the higher sensitivity.

Lastly, when improvement through complementation is possible, but system sensitivity is much above human sensitivity, methods should be provided to use the human’s expertise, while maintaining the benefits from the high system reliability. This could be achieved by informing operators about the relative competence of each partner and training them to identify situations that are difficult for the system and easy for them, or vice versa. An alternative approach would be the use of likelihood alarm systems (e.g., Sorkin et al., 1988). The users can comply with the high likelihood alerts and do the task manually when the system generates alerts with a low likelihood to be correct, as has been shown by Wiczorek and Manzey (2014). In a more advanced version, the system could execute the task automatically when it is certain and only involve the operator in the decision process when it is uncertain. This approach would have the additional benefit of reducing operators’ workload.

Limitations

One common limitation that a lot of studies dealing with human-machine interaction faces, it the use of student samples. Real operators are highly trained and possess a lot of experience with their automation, unlike the student volunteers. However, given that the reason for this type of research are real world problems, it is likely to assume that basic behavioral mechanisms and attitudes follow similar mechanisms across operators and students.

Another limitation of the current study is the assessment of confidence after the system performance block. As it was a JHM performance, it is not possible to understand to what extend the indicated confidence derives from the participant’s contribution and the system’s contribution. Future studies may investigate alternative ways of assessing these two components separately.

CONCLUSION

When interacting with assistance systems, participants tend to underuse HSSs but overuse low sensitivity ones. Feedback was shown to improve use in the case of HSSs, but not with the LSSs. However, we assume there are not too many reasons to provide operators with a system that performs below their own abilities. If this should happen, feedback will not help to improve user decisions.

Results of the current study do not support the ’confidence vs. trust’ hypothesis. As participants’ decisions fit only one part of our hypothesis (i.e., they do not sufficiently use the HSS), and not the other part (i.e., they do not rely on manual performance with the low-sensitivity system, but rather use its indications excessively), we no longer believe overconfidence to be the (main) reason for effects of disuse. Rather, we suggest that the observed under- and overuse is the result of a wrong strategy of function allocation that is based on the idea of teamwork without clear assignment of responsability. This problem may be resolved by providing additional information regarding function allocation (e.g., assigning explicit levels of automation).

AUTHOR CONTRIBUTIONS

RW contributed the study planning, preparation data acquisition, supervising data acquisition, statistical analysis, interpretation, and manuscript writing. JM was involved in the study planning, interpretation, and manuscript revision.

FUNDING

This research was supported in part by the German Research Foundation (Deutsche Forschungsgemeinschaft, DFG) grant no. 244855988.

REFERENCES

Arkes, H. R., Christensen, C., Lai, C., and Blumer, C. (1987). Two methods of reducing overconfidence. Organ. Behav. Hum. Decis. Process. 39, 133–144. doi: 10.1016/0749-5978(87)90049-5

Bahner, J. E., Hüper, A. D., and Manzey, D. (2008). Misuse of automated decision aids: complacency, automation bias and the impact of training experience. Int. J. Hum. Comput. Stud. 66, 688–699. doi: 10.1016/j.ijhcs.2008.06.001

Bahrami, B., Olsen, K., Latham, P. E., Roepstorff, A., Rees, G., and Frith, C. D. (2010). Optimally interacting minds. Science 329, 1081–1085. doi: 10.1126/science.1185718

Bailey, J. M. (2015). The implications of probability matching for clinician response to vital sign alarms: a theoretical study of alarm fatigue. Ergonomics 58, 1487–1495. doi: 10.1080/00140139.2015.1021861

Bartlett, M. L., and McCarley, J. S. (2017). Benchmarking aided decision making in a signal detection task. Hum. Factors 59, 881–900. doi: 10.1177/0018720817700258

Bliss, J. P. (2003). Investigation of alarm-related accidents and incidents in aviation. Int. J. Aviat. Psychol. 13, 249–268. doi: 10.1207/S15327108IJAP1303_04

Bliss, J. P., Gilson, R. D., and Deaton, J. E. (1995). Human probability matching behaviour in response to alarms of varying reliability. Ergonomics 38, 2300–2312. doi: 10.1080/00140139508925269

Bransby, M. L., and Jenkinson, J. (1998). The Management of Alarm Systems. Sudbury: HSE Books.

Bregu, K. (2017). Three Essays on the Effect of Overconfidence on Economic Decision Making. Doctoral dissertation, University of Arkansas, Fayetteville, AR.

Breznitz, S. (1984). Cry Wolf: The Psychology of False Alarms. Hillsdale, NJ: Lawrence Erlbaum Associates.

Bustamante, E. A., Bliss, J. P., and Anderson, B. L. (2007). Effects of varying the threshold of alarm systems and workload on human performance. Ergonomics 50, 1127–1147. doi: 10.1080/00140130701237345

Chancey, E. T., Bliss, J. P., Yamani, Y., and Handley, H. A. (2017). Trust and the compliance–reliance paradigm: the effects of risk, error bias, and reliability on trust and dependence. Hum. Factors 59, 333–345. doi: 10.1177/0018720816682648

Chavaillaz, A., and Sauer, J. (2017). Operator adaptation to changes in system reliability under adaptable automation. Ergonomics 60, 1261–1272. doi: 10.1080/00140139.2016.1261187

Desai, V., Madsen, P. M., and Roberts, K. H. (2016). “High-reliability organizations in health care,” in Handbook of Human Factors and Ergonomics in Health Care and Patient Safety, ed. P. Carayon (Boca Raton, FL: CRC Press), 200–211.

Dixon, S. R., and Wickens, C. D. (2006). Automation reliability in unmanned aerial vehicle control: a reliance-compliance model of automation dependence in high workload. Hum. Factors 48, 474–486. doi: 10.1518/001872006778606822

Dixon, S. R., Wickens, C. D., and McCarley, J. S. (2007). On the independence of compliance and reliance: are automation false alarms worse than misses? Hum. Factors 49, 564–572. doi: 10.1518/001872007X215656

Egan, J. P. (1975). Signal Detection Theory and ROC Analysis. New York, NY: Academic Press.

Getty, D., Swets, J. A., Pickett, R. M., and Gonthier, D. (1995). System operator response to warnings of danger: a laboratory investigation of the effects of the predictive value of a warning on human response time. J. Exp. Psychol. Appl. 1, 19–33. doi: 10.1037/1076-898X.1.1.19

Green, D. M., and Swets, J. A. (1966). Signal Detection Theory and Psychophysics. New York, NY: Wiley.

Harvey, N. (1997). Confidence in judgment. Trends Cogn. Sci. 1, 78–82. doi: 10.1016/S1364-6613(97)01014-0

Harvey, N., and Fischer, I. (1997). Taking advice: accepting help, improving judgment, and sharing responsibility. Organ. Behav. Hum. Decis. Process. 70, 117–133. doi: 10.1006/obhd.1997.2697

Klayman, J., Soll, J. B., González-Vallejo, C., and Barlas, S. (1999). Overconfidence: it depends on how, what, and whom you ask. Organ. Behav. Hum. Decis. Process. 79, 216–247. doi: 10.1006/obhd.1999.2847

Körber, M., Baseler, E., and Bengler, K. (2018). Introduction matters: manipulating trust in automation and reliance in automated driving. Appl. Ergon. 66, 18–31. doi: 10.1016/j.apergo.2017.07.006

Larrick, R. P., Burson, K. A., and Soll, J. B. (2007). Social comparison and confidence: when thinking you’re better than average predicts overconfidence (and when it does not). Organ. Behav. Hum. Decis. Process. 102, 76–94. doi: 10.1016/j.obhdp.2006.10.002

Lee, J. D., and Moray, N. (1992). Trust, control strategies and allocation of function in human-machine systems. Ergonomics 35, 1243–1270. doi: 10.1080/00140139208967392

Lee, J. D., and See, K. A. (2004). Trust in automation: designing for appropriate reliance. Hum. Factors 46, 50–80. doi: 10.1518/hfes.46.1.50.30392

Lees, M. N., and Lee, J. D. (2007). The influence of distraction and driving context on driver response to imperfect collision warning systems. Ergonomics 50, 1264–1286. doi: 10.1080/00140130701318749

Madhavan, P., and Wiegmann, D. A. (2007). Effects of information source, pedigree, and reliability on operator interaction with decision support systems. Hum. Factors 49, 773–785. doi: 10.1518/001872007X230154

Madhavan, P., Wiegmann, D. A., and Lacson, F. C. (2006). Automation failures on tasks easily performed by operators undermine trust in automated aids. Hum. Factors 48, 241–256. doi: 10.1518/001872006777724408

Manzey, D., Gérard, N., and Wiczorek, R. (2014). Decision-making and response strategies in interaction with alarms: the impact of alarm reliability, availability of alarm validity information, and workload. Ergonomics 57, 1833–1855. doi: 10.1080/00140139.2014.957732

Martínez-Córcoles, M., Gracia, F. J., and Peiró, J. M. (2018). Human safety performance in high reliability organizations: the case of the nuclear industry. Papeles del Psicologo 39, 183–190. doi: 10.23923/pap.psicol2018.2869

McBride, S. E., Rogers, W. A., and Fisk, A. D. (2011). Understanding the effect of workload on automation use for younger and older adults. Hum. Factors 53, 672–686. doi: 10.1177/0018720811421909

Merkle, C., and Weber, M. (2011). True overconfidence: the inability of rational information processing to account for apparent overconfidence. Organ. Behav. Hum. Decis. Process. 116, 262–271. doi: 10.1016/j.obhdp.2011.07.004

Meyer, J. (2004). Conceptual issues in the study of dynamic hazard warnings. Hum. Factors 46, 196–204. doi: 10.1518/hfes.46.2.196.37335

Meyer, J., and Bitan, Y. (2002). Why better operators receive worse warnings. Hum. Factors 44, 343–353. doi: 10.1518/0018720024497754

Meyer, J., Wiczorek, R., and Guenzler, T. (2014). Measures of reliance and compliance in aided visual scanning. Hum. Factors 56, 840–849. doi: 10.1177/0018720813512865

Möller, S., Ben-Asher, N., Engelbrecht, K. P., Englert, R., and Meyer, J. (2011). Modeling the behavior of users who are confronted with security mechanisms. Comput. Secur. 30, 242–256. doi: 10.1016/j.cose.2011.01.001

Moore, D. A., and Healy, P. J. (2008). The trouble with overconfidence. Psychol. Rev. 115, 502–517. doi: 10.1037/0033-295X.115.2.502

NTSB (2006). National Transportation Safety Board Safety Recommendation A-06-44 through A-06-47. Washington, DC: NTSB.

O’Connor, M. (1989). Models of human behaviour and confidence in judgement: a review. Int. J. Forecast. 5, 159–169. doi: 10.1016/0169-2070(89)90083-6

Onnasch, L., Ruff, S., and Manzey, D. (2014a). Operators’ adaptation to imperfect automation–impact of miss-prone alarm systems on attention allocation and performance. Int. J. Hum. Comput. Stud. 72, 772–782. doi: 10.1016/j.ijhcs.2014.05.001

Onnasch, L., Wickens, C. D., Li, H., and Manzey, D. (2014b). Human performance consequences of stages and levels of automation: an integrated meta-analysis. Hum. Factors 56, 476–488.

Ortoleva, P., and Snowberg, E. (2015). Overconfidence in political behavior. Am. Econ. Rev. 105, 504–535. doi: 10.1257/aer.20130921

Parasuraman, R., and Manzey, D. H. (2010). Complacency and bias in human use of automation: an attentional integration. Hum. Factors 52, 381–410. doi: 10.1177/0018720810376055

Parasuraman, R., and Riley, V. (1997). Humans and automation: use, misuse, disuse, abuse. Hum. Factors 39, 230–253. doi: 10.1518/001872097778543886

Pulford, B. D., and Colman, A. M. (1997). Overconfidence: feedback and item difficulty effects. Pers. Individ. Differ. 23, 125–133. doi: 10.1016/S0191-8869(97)00028-7

Rice, S., and McCarley, J. S. (2011). Effects of response bias and judgment framing on operator use of an automated aid in a target detection task. J. Exp. Psychol. Appl. 17, 320–331. doi: 10.1037/a0024243

Rice, S., Trafimow, D., and Hunt, G. (2010). Using PPT to analyze suboptimal human–automation performance. J. Gen. Psychol. 137, 310–329. doi: 10.1080/00221301003645236

Rice, S. D. (2009). Examining single- and multiple-process theories of trust in automation. J. Gen. Psychol. 136, 303–319. doi: 10.3200/GENP.136.3.303-322

Ringuest, J. L., and Graves, S. B. (2017). Overconfidence and disappointment in decision-making under risk: the triumph of hope over experience. Manag. Decis. Econ. 38, 409–422. doi: 10.1002/mde.2784

Roberts, K. H., and Rousseau, D. M. (1989). Research in nearly failure-free, high-reliability organizations: having the bubble. IEEE Trans. Eng. Manag. 36, 132–139. doi: 10.1109/17.18830

Schulmann, P. R. (2016). “On the future of high reliability organizations in an age of turbulence,” in Governance in Turbulent Times, eds C. K. Ansell, J. Trondal, and M. Øgård (Oxford: Oxford University Press), 241–260.

Sheridan, T., and Verplank, W. (1978). Human and Computer control of Undersea Teleoperators. Cambridge, MA: MIT Man-Machine Systems Laboratory. doi: 10.21236/ADA057655

Sorkin, R. D., Kantowitz, B. H., and Kantowitz, S. C. (1988). Likelihood alarm displays. Hum. Factors 30, 445–459. doi: 10.1177/001872088803000406

Sorkin, R. D., and Woods, D. D. (1985). Systems with human monitors: a signal detection analysis. Hum. Comput. Interact. 1, 49–75. doi: 10.1207/s15327051hci0101_2

Stone, E. R., and Opel, R. B. (2000). Training to improve calibration and discrimination: the effects of performance and environmental feedback. Organ. Behav. Hum. Decis. Process. 83, 282–309. doi: 10.1006/obhd.2000.2910

Subbotin, V. (1996). Outcome feedback effects on under-and overconfident judgments (general knowledge tasks). Organ. Behav. a Hum. Decis. Process. 66, 268–276. doi: 10.1006/obhd.1996.0055

Swets, J. A. (1992). The science of choosing the right decision threshold in high-stakes diagnostics. Am. Psychol. 47, 522–532. doi: 10.1037/0003-066X.47.4.522

Tsai, C. I., Klayman, J., and Hastie, R. (2008). Effects of amount of information on judgment accuracy and confidence. Organ. Behav. Hum. Decis. Process. 107, 97–105. doi: 10.1016/j.obhdp.2008.01.005

Tsai, F. S., Lin, C. H., Lin, J. L., Lu, I. P., and Nugroho, A. (2018). Generational diversity, overconfidence and decision-making in family business: a knowledge heterogeneity perspective. Asia Pac. Manag. Rev. 23, 53–59. doi: 10.1016/j.apmrv.2017.02.001

van Loon, M. H., and Roebers, C. M. (2017). Effects of feedback on self-evaluations and self-regulation in elementary school. Appl. Cogn. Psychol. 31, 508–519. doi: 10.1002/acp.3347

Wickens, C. D., and Colcombe, A. (2007). Dual-task performance consequences of imperfect alerting associated with a cockpit display of traffic information. Hum. Factors 49, 839–850. doi: 10.1518/001872007X230217

Wiczorek, R., and Manzey, D. (2014). Supporting attention allocation in multi-task environments: effects of likelihood alarm systems on trust, behavior and performance. Hum. Factors 56, 1209–1221. doi: 10.1177/0018720814528534

Wiczorek, R., and Meyer, J. (2016). “Asymmetric effects of false positive and false negative indications on the verification of alerts in different risk conditions,” in Proceedings of the Human Factors and Ergonomics Society Annual Meeting, Vol. 60 (Los Angeles, CA: SAGE Publications), 289–292. doi: 10.1177/1541931213601066

Yates, J. F. (1990). Judgment and Decision Making. Englewood Cliffs, NJ: Prentice Hall.

Zamary, A., Rawson, K. A., and Dunlosky, J. (2016). How accurately can students evaluate the quality of self-generated examples of declarative concepts? Not well, and feedback does not help. Learn. Instr. 46, 12–20. doi: 10.1016/j.learninstruc.2016.08.002

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2019 Wiczorek and Meyer. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fpsyg-10-00519-t001.jpg
Manual performance block (system training block) System performance block
With feedback Without feedback HSS Lss

With feedback Without feedback With feedback Without feedback

Confidence 35(0.8) 3.4(0.7) 4(08) 32(05) 33(0.7) 3(08)
Trust 3.4(0.7) 25(06) 3.4(1.0 33(0.9) 2.1(0.7) 24(05)
Compliance N - 1.1(06) 08(0.6) 06(0.5) 05(0.4)
Reliance - - 1.2(0.6) 06(0.6) 05(03) 0.2(03)
Sensitivity o 1.8(0.4) 1.8(03) 25(0.9) 2(0.7) 1.6(0.2) 1.6(0.3)

Trust ratings in italics derive from the system training block.





OPS/images/cover.jpg






OPS/images/logo.jpg
’ frontiers
in Psychology





OPS/images/cross.jpg
3,

i





OPS/images/fpsyg-10-00519-g007.jpg
A Human sensitivity d' B Human-machine sensitivity d'
3,00 3,00
2,50 2,50
T 2,00 T 2,00
Z £
£ 150 £ 150
2 2
g 1,00 g 1,00
0,50 0,50
0,00 0,00
Manual performance block High sensitivity system Low sensitivity system

Type of system

B With feedback @ Without feedback B With feedback Without feedback





OPS/images/fpsyg-10-00519-e004.jpg
compliance = Cmanual —

“system/red





OPS/images/fpsyg-10-00519-e003.jpg





OPS/images/fpsyg-10-00519-e002.jpg
pFA

= FAs + CRs

)





OPS/images/fpsyg-10-00519-e001.jpg
pHit

hits
= hits + misses

1)





OPS/images/fpsyg-10-00519-g001.jpg
3
§






OPS/images/fpsyg-10-00519-g002.jpg
Confidence questionnaire

[
I

Confidence questionnaire
Trust questionnaire

Trust questionnaire

Manual 1 Manual System
s Training Performance
1 60 Trials 1

System
Training
60 Trials

| T ——

Performance
80 Trials 200 Trials
Human sensitivity d’ JHM sensitivity d

Compliance
Reliance





OPS/images/fpsyg-10-00519-g003.jpg
Confidence rating

-

w

N

(=3

Confidence, manual

Manual performance block

B With feedback Without feedback

w ~

Confidence rating
N

Confidence with system

High sensitivity system Low sensitivity system
Type of system

W With feedback Without feedback





OPS/images/fpsyg-10-00519-e008.jpg
oMy





OPS/images/fpsyg-10-00519-g004.jpg
A Trust, after training

w

N

Trust rating

System training block

m High sensitivity system m Low sensitivity system

Trust rating

4

w

N

1
0

Trust, after performance block

High sensitivity system Low sensitivity system

m With feedback = Without feedback





OPS/images/fpsyg-10-00519-e007.jpg
i





OPS/images/fpsyg-10-00519-g005.jpg
Compliance

Compliance

2
15
1
0,5
0
High sensitivity system Low sensitivity system
Type of system

m With feedback  m Without feedback





OPS/images/fpsyg-10-00519-e006.jpg





OPS/images/fpsyg-10-00519-g006.jpg
Reliance

15

-

Reliance

i“ -

High sensitivity system Low sensitivity system
Type of system

m With feedback = Without feedback





OPS/images/fpsyg-10-00519-e005.jpg
relia;

nce

Csystem/green — Cmanual





