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Abstract
Computer-aided diagnosis (CAD) has great potential to improve radiologists'
diagnostic performance. However, the reported performance of the radiologist–
CAD team is lower than what might be expected based on the performance of the
radiologist and the CAD system in isolation. This indicates that the interaction
between radiologists and the CAD system is not optimal. An important factor in the
interaction between humans and automated aids (such as CAD) is trust.
Suboptimal performance of the human–automation team is often caused by an
inappropriate level of trust in the automation. In this review, we examine the role
of trust in the radiologist–CAD interaction and suggest ways to improve the output
of the CAD system so that it allows radiologists to calibrate their trust in the CAD
system more effectively. Observer studies of the CAD systems show that
radiologists often have an inappropriate level of trust in the CAD system. They
sometimes under-trust CAD, thereby reducing its potential benefits, and
sometimes over-trust it, leading to diagnostic errors they would not have made
without CAD. Based on the literature on trust in human–automation interaction
and the results of CAD observer studies, we have identified four ways to improve
the output of CAD so that it allows radiologists to form a more appropriate level of
trust in CAD. Designing CAD systems for appropriate trust is important and can
improve the performance of the radiologist–CAD team. Future CAD research and
development should acknowledge the importance of the radiologist–CAD
interaction, and specifically the role of trust therein, in order to create the perfect
artificial partner for the radiologist. This review focuses on the role of trust in the
radiologist–CAD interaction. The aim of the review is to encourage CAD developers
to design for appropriate trust and thereby improve the performance of the
radiologist–CAD team.
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The key to winning the race is not to compete against machines but to
compete with machines.

― Erik Brynjolfsson & Andrew McAfee
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Introduction
Medical image diagnosis is a highly complex task with very demanding cognitive
and perceptual components. Radiologists have developed the ability to perform this
task with impressive accuracy and efficiency. However, no matter how skilled the
radiologist, he or she is never immune to making errors. Various studies have
documented the occurrence of radiological errors in clinical practice, ranging from
missed lesions due to perceptual oversight to the incorrect recommendation of
follow-up procedures (e.g. [1–9]).
Computer-aided diagnosis
Computer-aided diagnosis (CAD), in which sophisticated image processing and
artificial intelligence techniques are used to detect and/or evaluate abnormalities in
medical images, has great potential to improve radiologists’ diagnostic
performance. CAD can be used as a second opinion: drawing radiologists’ attention
to abnormalities they overlooked or prompting them to reevaluate structures they
initially diagnosed incorrectly.
A distinction can be made between computer-aided detection (CADe), which
focuses on the detection of abnormalities, and computer-aided diagnosis (CADx),
which focuses on the diagnosis of abnormalities. CADe systems identify and mark
abnormal regions in a medical image. Radiologists first perform an unaided
reading of the image and then review the marks made by the CADe system. Fig. 1
shows an example of a typical CADe system for lung nodule detection on chest
radiographs.
CADx systems focus on diagnosis rather than detection. Suspicious structures
within an image are identified by the radiologist and evaluated by the CADx
system. This evaluation can be a decision whether the structure is benign or
malignant, the estimated likelihood of malignancy, or a pathological classification.
Because many systems perform both detection and diagnosis, the distinction
between CADe and CADx is not always clear. Differentiating between the two types
of CAD is also not very relevant for the purpose of this review. We will therefore use
the general term CAD for both CADe and CADx systems.
Radiologist-CAD interaction
The combination of a radiologist and a CAD system constitutes a diagnostic team,
in the same way that two radiologists in a double reading setting do. The
performance of this team is determined by the individual performance of its
“members” and the quality of interaction between the members. Various studies
have shown that radiologists and CAD can make an effective team that reaches a
higher level of diagnostic performance than one radiologist alone (e.g. [10–15]).
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Figure 1. Example of a typical CADe system for lung nodule detection on chest radiographs. The circles
are marks made by the system to indicate the presence of a lung nodule. The upper mark is a true
positive. The lower mark is a false positive.

However, the team performance of radiologist and CAD is lower than what
might be expected based on the performance of the radiologist and the CAD system
in isolation [16,17]. There are even studies that found no benefits of CAD on
radiologists’ diagnostic performance (e.g. [18–23]), an increased sensitivity at the
cost of reduced specificity (e.g. [24,25]), or even reduced sensitivity of the best
performing radiologists for difficult cases [26]. This suggests that the interaction
between radiologists and CAD is not optimal.
An important factor in the interaction between humans and automated aids
(such as CAD) is trust [27–33]. The more humans trust an automated aid, the more
likely they are to rely on its decisions. For optimal performance of the humanautomation team, it is vital that an appropriate level of reliance occurs. However,
humans often show an inappropriate level of automation reliance caused by an
inappropriate amount of trust in the automation [33]. Too little trust in a useful
automated aid can lead to underreliance, which means that the full potential of the
aid is not being used. Too much trust in an aid on the other hand can lead to
overreliance, meaning that the aid causes humans to make errors they would not
have made without it [34].
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Inappropriate trust in CAD
Under-trust
Too little trust in a useful automated aid can lead to disuse, i.e. an underreliance on
automation [34]. Disuse has been found in a wide variety of settings. For example,
Dzindolet et al. [35] and Beck et al. [36] found that participants performing a
detection task in which they had to decide whether a camouflaged soldier was
present in a scene often ignored the decisions of an automated aid, even when they
knew the aid had superior performance on the task. Wang et al. [37] found that
participants sometimes ignored the true negatives of a Combat Identification
System, even though they were informed that the system did not make any false
negative errors. Disuse was also found in early versions of the Ground Proximity
Warning System, which pilots did not trust due to its high false alarm rate [34].
There are various examples of disuse in the CAD literature. Several studies have
shown that radiologists ignore a substantial amount of true positive CAD marks
(20% in [38], 22% in [20], and 33% in [39] of the total amount of true positives,
and 53% in [40], 71% in [17], and 84% in [23] of the true positives they overlooked
during unaided reading).
Similarly, Halligan et al. [41] found that the sensitivity of radiologists
performing polyp detection on CT colonography images increased for small- and
medium-sized polyps correctly marked by CAD, but not for correctly marked large
polyps. This tendency to ignore correctly marked large polyps was also found by
Taylor et al. [42].
Shiraishi et al. [43] found that a CAD system designed to help radiologists
distinguish benign from malignant lung nodules improved their diagnostic
performance, but the performance of the radiologist-CAD team was lower than the
standalone performance of the CAD system, indicating that radiologists
underutilized the CAD system’s capabilities.
Over-trust
Too much trust in automation, on the other hand, can lead to misuse, i.e. an
overreliance on automation [34]. Like disuse, misuse has been found in various
domains. For example, Skitka et al. [44] found that participants performing a
simulated flight task with an automated aid performed worse than unaided
participants. This was caused by an overreliance on the aid, which led participants
to make false negative errors when the aid missed an event and false positive errors
when the aid made an incorrect recommendation (even when it contradicted their
training and other available information).
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Itoh [45] found an overreliance on an adaptive cruise control system in a driving
simulator. Even though participants were informed that the system had a limited
deceleration rate, four out of twelve participants caused a rear-end collision
because they trusted the system to brake in time.
There are also examples of misuse in the CAD literature. Various studies have
found that CAD decreased radiologists’ specificity (e.g. [24,25]). This indicates that
radiologists put too much trust in the CAD marks, causing them to accept a
substantial number of CAD false positives. Lee et al. [40] found that radiologists
performing lung nodule detection on chest radiographs accepted one false positive
mark per 50 images and residents accepted one false positive mark per nine
images. In [23], radiologists performing the same task accepted one false positive
per 19 images and residents one per 11 images.
Alberdi et al. [46] found that radiologists assisted by CAD had a lower
sensitivity than unaided radiologists on a mammography data set containing a
large proportion of cancers missed by CAD. This indicates that radiologists put too
much trust in the CAD system’s ability to detect abnormalities, which led them to
revise a substantial amount of their true positive decisions of certain structures
based on the (incorrect) absence of CAD marks on these structures.
Povyakalo et al. [47] found that CAD improved radiologists’ sensitivity for
breast cancers that were relatively easy to detect, but decreased sensitivity for
cancers that were relatively difficult to detect. This was probably caused by the fact
that radiologists were more likely to rely on CAD for difficult cancers, because they
were less certain of their own decisions. However, cancers that were difficult for
radiologists were also difficult for CAD, leading to a large number of CAD false
negative errors for these cancers, which made a high level of reliance on CAD for
difficult cancers inappropriate. A similar result was found in another study [26],
where CAD decreased the sensitivity of the best performing radiologists for difficult
cases.
The potential for misuse is even greater when CAD is used as a concurrent
reader (i.e. CAD output is immediately available to the radiologists) instead of as a
second reader (i.e. CAD output is only available after radiologists have viewed the
image on their own). Zheng et al. [21][48] found that a poorly performing CAD
system used as a concurrent reader significantly decreased radiologists’ diagnostic
performance in mammogram reading. Beyer et al. [49] found that concurrent
reader CAD decreased radiologists’ sensitivity for detecting lung nodules in CT
scans. These results suggest that radiologists may over-trust CAD’s sensitivity.
When the CAD marks are presented at the onset of image reading, radiologists
focus on these marks and pay less attention to unmarked regions. This causes them
to miss abnormalities that were not marked by CAD.

125

Chapter 7

Designing for appropriate trust
The results of observer studies with CAD show that radiologists often have an
inappropriate level of trust in CAD. We believe that the reason for this is that the
output of CAD systems is often presented to radiologists in such a way that it is
impossible for them to establish an optimal level of trust in the system. In this
section, we will suggest ways to improve CAD’s output so that it allows radiologists
to calibrate their trust in CAD more effectively.
Confidence rating
Like radiologists, CAD systems have a response criterion. When the information
obtained from a certain structure within an image exceeds this criterion the
structure is considered abnormal. When the information does not meet the
criterion it is considered normal. Most CAD systems do not differentiate between
structures that exceed the response criterion by a large amount (for which CAD has
a high “confidence” that they are abnormal), and structures that barely exceed the
criterion (for which CAD has a low confidence that they are abnormal): the system
either does or does not mark the structure.
Displaying a confidence rating for each mark might facilitate more appropriate
trust, because it allows radiologists to adapt their trust in a specific mark to CAD’s
confidence in this mark. This could lead to less disuse, which is often associated
with systems that have a high false positive rate [34], as most CAD systems do,
because false positive marks likely have a smaller negative effect on trust in the
entire system when radiologists know that the system did not consider it likely that
the marked region was in fact abnormal. Their trust in CAD marks that have a high
likelihood of abnormality could then remain at a high level, causing them to
dismiss a smaller number of true positive marks. It could also lead to less misuse,
because radiologists are probably less inclined to trust false positive CAD marks
when they know that CAD does not have a high confidence in these marks.
There are CAD systems that do present the confidence ratings of their marks to
radiologists. For example, in the system used by Gilbert et al. [50] the size of a
mark corresponded to the likelihood of cancer as determined by the system.
However, this study did not compare performance of radiologists with and without
CAD, or the effectiveness of CAD with and without likelihood ratings.
In the CAD system used by Shiraishi et al. [51] the color of a mark represented
its likelihood of malignancy. A discrete five-color scale was used, ranging from
green (a low likelihood of malignancy) to red (a high likelihood of malignancy).
This system improved radiologists’ diagnostic performance, but the effects of the
likelihood ratings were not evaluated.
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The CAD system used by Taylor et al. [20] emphasized marks in which it was
particularly confident. Radiologists were significantly less likely to ignore these
emphasized marks compared to regular marks. This indicates that radiologists
were more likely to trust a CAD mark if they knew that CAD had a high confidence
in this mark. However, it is also possible that they simply accepted more
emphasized marks because these marks had more obvious signs of abnormality
compared to marks in which CAD was less confident.
In the CAD setup used by Samulski et al. [52], radiologists could request CAD
information of specific image regions by clicking on them. If present, a CAD mark
and its associated malignancy score were displayed. The malignancy score was
represented by a continuous color scale, ranging from yellow to red (low to high
malignancy score). This system improved radiologists’ diagnostic performance
compared to unaided reading. In a subsequent study, Hupse et al. [53] found that
radiologists performed better with this interactive CAD system than with a
conventional CAD system that only displayed marks. However, the fact that one
CAD system was interactive and the other was not prevents us from concluding that
the increase in performance was due to the malignancy ratings.
Several studies [54–58] found that radiologists’ classification performance of
breast masses improved when they were assisted by a CAD system that provided a
malignancy rating of the masses. Similar results have been found for lung nodule
classification [13,59,60].
These results show that CAD confidence ratings can be useful, but there are no
studies that compare the effectiveness of a CAD system that provides a confidence
rating for its decisions and a CAD system that only provides discrete decisions.
However, the effectiveness of displaying automation confidence has been
demonstrated in other domains. For example, pilots performing a navigation and
collision avoidance task [61], an anti-aircraft battle task [61], and a flight task
under icing conditions [62] have been shown to form a more appropriate level of
trust in an automated aid when it displayed the degree of certainty in its decisions
compared to when this information was not displayed. This improvement in trust
calibration led to an increase in performance of the human-automation team.
Similar results were found when displaying uncertainty information in an adaptive
cruise control system [63].
Rationale
Because humans and computers make decisions in a different way, it is sometimes
difficult for a human to understand why an automated aid has made a certain
decision. Automation errors that seem obvious to a human observer can have a
negative impact on trust in the aid and are often used as justification for disuse
[33,64]. In an ethnographic study of CAD usage [65], radiologists indicated that
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CAD often marked the “wrong things” – benign features and artifacts of the image
production process – and often missed obvious lesions. This led to distrust and a
lack of understanding of the CAD system.
To facilitate appropriate trust in CAD, it is therefore important that radiologists
have a sufficient understanding of CAD’s decision making process. This can be
realized in two ways: (1) by informing radiologists of the global workings of CAD’s
algorithms and the limitations of these algorithms (a global rationale), and (2) by
providing an explanation for each specific CAD decision (a local rationale).
Global rationale
The global rationale approach requires the development of adequate instructions
for CAD. The goal of the instructions is to inform radiologists of the mechanisms
that determine CAD’s behavior and the specific circumstances in which it is likely
to make an error. These instructions should be part of the CAD training radiologists
receive.
This approach has the potential to increase trust in CAD, because the negative
impact of obvious CAD errors on trust might be reduced when radiologists
understand the cause of these errors. For example, some CAD systems place an
upper bound on the size of structures they consider for evaluation [66]. When
radiologists are aware of this, the observation that CAD systematically misses
extremely obvious large lesions likely has a smaller negative impact on their trust
in CAD than when they are not aware of this limitation.
In addition to its potential to reduce disuse by mitigating the negative effects on
trust of obvious errors, an understanding of CAD’s algorithms can also reduce
misuse. For example, radiologists who correctly detect a nodule near the chest wall
but are not very confident in their decision might be less inclined to change their
decision based on a false negative CAD decision for this structure when they know
that CAD is likely to miss nodules near the chest wall.
Although the global rationale approach seems intuitive, there is (to the best of
our knowledge) only one study that has empirically evaluated its effectiveness. This
study found that participants provided with a brief explanation of the workings of
an automated soldier detection aid and the circumstances in which it was likely to
make an error, trusted the aid more than participants who were not provided with
this explanation [33]. However, this effect was independent of the aid’s
performance level, so the rationale caused a more appropriate level of trust for
participants paired with a high performance aid, but over-trust for participants
paired with a low performance aid. This indicates that great care should be taken in
formulating the rationale, so that it facilitates appropriate trust and not just more
trust.
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Bahner et al. [67] found that participants provided with a textual explanation of
the circumstances in which an automated aid was likely to err during training
trusted the aid more than participants provided with examples of the aid’s errors.
This shows that the means of presenting the rationale influences trust and
underlines the importance of formulating the rationale in an appropriate way.
Local rationale
Even when radiologists have a global understanding of CAD’s algorithms and their
behavior, the rationale for each specific CAD decision is still formed by speculation
(albeit more informed speculation) of why CAD made this decision. Another
(possibly complementary) approach to facilitating a better understanding of CAD’s
decisions is to provide a rationale for each specific decision. This local rationale
approach has been implemented in automated aids from various domains (e.g.
medical diagnosis [68], financial auditing [69,70] and entertainment
recommendation [71–73]). Users generally prefer seeing the local rationales
compared to no rationales and providing these rationales has been shown to
increase objective [70,72] and subjective measures of trust [69,73].
These results suggest that the local rationale approach might also be useful for
CAD. However, because CAD arrives at a decision in a highly complex way that can
be very different from the way a radiologist reaches a decision, it is difficult to
display CAD’s rationale for a specific decision in a way that makes sense to a
radiologist.
A typical CAD system bases its decisions on a set of features it extracts from the
image. For each decision, the subset of features that contributed most to the
decision could be presented to the radiologist. In this way, the radiologist can truly
assess why CAD diagnosed a certain structure as abnormal. However, not all
features that are relevant for CAD might be meaningful to the radiologist.
An example of a system that provides such a type of local rationale is PeerView
Digital: an extended feature of Hologic’s ImageChecker CAD for mammography
[74]. It enhances the marked regions to help radiologists visualize and analyze its
specific features. It outlines the central density of detected masses and distortions
and highlights detected microcalcifications. An example of its output is shown in
Fig. 2.
Performance level
Because appropriate trust occurs when the level of trust matches CAD’s
performance level, explicitly informing radiologists of CAD’s past performance
seems like a natural way to improve trust calibration. Because CAD’s performance
can differ greatly between different types of lesions, the performance level should
be presented in a way that differentiates between lesion types. This could allow
129
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Figure 2. Output of the PeerView Digital feature of Hologic’s ImageChecker CAD. This example shows
the enhancement of a “Malc” CAD mark (a region containing features of both mass and calcification).
The system outlines the mass and highlights the individual microcalcifications.

radiologists to calibrate their trust for each specific type of lesion and might reduce
both disuse and misuse by mitigating the effects of negative and positive CAD
experiences for one lesion type on trust in CAD for other lesion types.
CAD’s performance can also vary depending on the image acquisition protocol
that was used to scan the patient. For example, the performance of the CAD system
used by [15] was greatly influenced by the slice thickness of the CT scan, with
sensitivity dropping from 81% for 0.9-mm slices to 51% for 3-mm slices. Similar
findings were reported in [75,76]. When working with a CAD system that has such
a large variability in performance, it is vital that radiologists are informed of the
performance differences between different contexts of operation.
Consider for example a radiologist that uses CAD for lung nodule detection on
CT. This radiologist usually reviews thin-slices images and his trust in CAD is
calibrated at a level that is appropriate for these types of images. Occasionally he
reviews images with thicker slices. Now if he is unaware of the effect of slice
thickness on CAD performance, his trust in CAD when reviewing thick-slice images
will be at a level that is appropriate for thin-slice images but is highly inappropriate
in the current situation.
To ensure that the performance information radiologists receive is accurate, it is
important that the CAD system is evaluated using a valid data set and a valid gold
standard against which its output is compared. While this sounds obvious,
conducting a CAD performance study is far from trivial and there are currently no
standardized approaches for evaluating and reporting CAD performance levels [77].
To the best of our knowledge, there is only one study that has evaluated the
effects of informing users of automation performance on trust in the automation.
This study showed that providing participants with a performance measure of an
130

automated aid for camouflaged soldier detection facilitated more appropriate trust
in the aid [33]. However, this effect was only found when participants were not
allowed to view the aid’s decisions (they had to trust the aid blindly), which is, as
the authors also note, an unrealistic scenario.

Discussion
In this review, we have shown that radiologists often have an inappropriate level of
trust in CAD, which leads to suboptimal performance of the radiologist-CAD team.
Radiologists sometimes under-trust CAD, thereby reducing its potential benefits,
and sometimes over-trust it, leading to diagnostic errors they would not have made
without CAD. We have identified four ways to improve CAD’s output so that it
allows radiologists to form a more appropriate level of trust in CAD: (1) presenting
a confidence rating for CAD’s decisions, (2) providing a global rationale for CAD’s
decision making process, (3) providing a local rationale for each specific CAD
decision, and (4) informing radiologists of CAD’s performance levels in different
contexts.
There is substantial empirical evidence indicating that providing radiologists
with these sources of information can facilitate more appropriate trust in CAD and
thereby improve the performance of the radiologist-CAD team. However, all
evidence to date is circumstantial. More research is needed to determine whether
the suggested changes truly improve trust calibration and to determine the most
effective way of presenting the information to the radiologists.
A realistic future possibility is that radiologists work with multiple CAD systems
for different diagnostic tasks. This makes it even more important to design for
appropriate trust, because radiologists need to be able to adjust their trust to the
different systems. In this situation it is especially important that radiologists
understand the rationale behind each CAD system’s decisions and their individual
performance levels so that they are aware of each system’s specific strengths and
limitations and do not overgeneralize positive or negative experiences from one
system to the others.
Most research on CAD focuses on improving CAD’s performance. While this is
obviously important, the power of this research is not fully harnessed if the
increase in performance is not matched by an equivalent increase in trust. Simply
making CAD more trustworthy does not guarantee that it is actually trusted more.
Research on the radiologist-CAD interaction, and specifically the role of trust
therein, is therefore also of paramount importance. Without more research in this
area, the performance of the radiologist-CAD team will never reach its maximum
level.
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When designing for appropriate trust, usability principles also need to be taken
into consideration. Design choices that improve trust calibration should not
interfere too much with the CAD system’s usability and the clinical workflow of the
radiologist. Poor usability is likely to result in less use of the system.
It is also possible that usability influences trust; if a CAD system is tedious to
use, radiologists might be less likely to trust it. [78] found a strong correlation
between a book vendor’s website usability and participants’ trust in the vendor.
Although most components of trust measured in this study are irrelevant for the
radiologist-CAD interaction, the one component that was relevant, the perceived
ability of the vendor, was most strongly influenced by the website’s usability.
Two of our suggestions for more appropriate trust calibration (presenting the
global rationale and the performance level) need to be integrated into CAD training
procedures. The importance of CAD training is being acknowledged by the
radiology community, as evidenced by the fact that CAD training has recently been
added to the mammography training programmes of the Radiological Society of
North America and the American College of Radiology [79]. However, there is
currently no research available that investigates the effects of CAD training on the
radiologist-CAD interaction. It would be interesting to evaluate the effects of
different training contents on radiologists’ trust in CAD. This would contribute
greatly to a definition of the optimal CAD training procedure.
Several studies indicate that CAD is more effective for novice than for expert
radiologists (e.g. [26,80–82]). Although this is likely due to a ceiling effect (experts
are already close to maximum performance, whereas novices have much more
room for improvement), it is also possible that there is a fundamental difference in
radiologist-CAD interaction between novices and experts. It seems natural to
assume that experts have more trust in their own abilities than novices. This could
cause them to place relatively little trust in CAD, resulting in a smaller effect of
CAD on the performance of the radiologist-CAD team. It is worth studying whether
this difference truly exists and whether changes in CAD’s output aimed at
facilitating more appropriate trust differentially affect novices and experts.
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