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ABSTRACT

CCS CONCEPTS

The cognitive processes that underly expert decision making in
medical image interpretation are crucial to the understanding of
what constitutes optimal performance. Often, if an anomaly goes
undetected, the exact nature of the false negative is not fully understood. This work looks at 24 experts’ performance (true positives
and false negatives) during an anomaly detection task for 13 images
and the corresponding gaze behavior. By using a drawing and an
eye-tracking experimental paradigm, we compared expert target
anomaly detection in orthopantomographs (OPTs) against their
own gaze behavior. We found there was a relationship between the
number of anomalies detected and the anomalies looked at. However, roughly 70% of anomalies that were not explicitly marked in
the drawing paradigm were looked at. Therefore, we looked how
often an anomaly was glanced at. We found that when not explicitly
marked, target anomalies were more often glanced at once or twice.
In contrast, when targets were marked, the number of glances was
higher. Furthermore, since this behavior was not similar over all
images, we attribute these differences to image complexity.
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1

INTRODUCTION

Expertise in any domain is what many strive for. It is known that
these skills are established through practice. Yet, there are still
mechanisms that are not fully understood. Mainly, how experts
process their visual input such that their domain knowledge is
effectively applied.
In general, experts are not easily available due to time and work
constraints. Therefore, the majority of the literature measures expertise with small samples of experts. Such small caches can lead to
an insufficient understanding of expertise. In the literature review
from Gegenfurtner et al., [4], across all expertise domains evaluated,
mean expert sample sizes ranged from six to 17 experts; with the
medical profession having approximately eight experts. More recently, van der Gijp et al. [10] provided a similar review that focused
solely on radiology. Of the 26 studies evaluated in the meta-analysis,

MCPMD’18 , October 16, 2018, Boulder, CO, USA
only two studies were able to acquire more than 15 experts (e.g. subspecialized experts, radiologists, or other medical specialists). Both
literature reviews offer a comprehensive understanding of experts’
scanning behavior in addition to performance compared to novices.
However, the interplay of cognitive mechanisms that distinguish
acceptable task performance is still uncertain. In medical image
processing, such as radiology, an important research question is
related to the reasons why an anomaly would be overlooked.

1.1

Previous Literature

As in many fields, experts in medical fields exhibit more optimal
performance. However, optimal performance may or may not always be one hundred percent accurate. Often, it is a tradeoff of
detecting what is most necessary with regard to a patient’s health
and understanding the costs. Diniz and colleagues [2] looked at
the accuracy of cavity detection in OPTs for dentists with 5 to 7
years experience (10) versus students in the final semester of dental
studies (10). The authors reported that the experts had a trade-off
of low sensitivity to high specificity compared to the advanced
students, who had high sensitivity and low specificity. They attributed their findings to the idea that more experienced dentists may
overlook some cavities and focus on the more detrimental ones
[2]. Employing this strategy, the more experienced dentists avoid
overtreating or extensive restoration processes that are costly and
may leave a patient susceptible to complications.
Filtering of non pertinent information is also crucial to effective
medical image interpretation. Mallet et al., 2014 [7] measured eye
movements of 65 radiologists and divided them into experienced
CT colonography scan readers (27) and radiologists inexperienced
in the same task (38). They found that the experienced radiologists
were overall more accurate in identifying polyps in a 3D CT scan
and had shorter time to first fixation on polyps. However, the time
to interpret the polyps accurately was not distinguishable between
the experienced and inexperienced readers [7]. Thus, experienced
readers may recognize and search the polyp-prone areas more
quickly, but they process and interpret the area of interest similar
to radiologist inexperienced in CT scan reading.
Additionally, Drew et al., 2013 [3] had 24 expert radiologists
searching 3D CT Lung scans to detect as many nodules as possible in
three minutes. They were instructed to scroll through a stack of 2D
image slices, and click where they found nodules. Two predominant
search strategies were observed: Scanning, or searching each slice
in a left to right reading fashion, and drilling, or searching multiple
slices top to bottom. They found the ‘drillers’ had a significant
increase in true positives, though no difference in false positives.
Also, drillers’ scanning behavior covered a larger area of the lung.
When looking at the false negatives, the scanners had more search
errors (not looking at the nodule areas) and drillers had higher
recognition errors. Meaning, they often glanced at a nodule, but
not long enough to indicate an error in their interpretation.
To our knowledge only one study has focused on radiological
image interpretation (orthopantomographs, or OPTs) in the dental
context. Turgeon & Lamm (2016) [9] compared 15 certified oral and
maxillofacial radiologists (OMRs) to 30 fourth year dental students.
Performance was not measured; however, they compared students
to experts’ eye gaze on subtle and non subtle anomalies in the OPTs.
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They found that eye movement behavior was different between
experts and novices. More interesting, experts had longer total
time and more fixations in areas of interest when the images had
more subtle anomalies. Whether these eye movement behaviors
are indicative of accurate detection is of interest to this work. We
aim to look into the correlation of gaze on anomalies of interest to
the actual detection of anomalies of interest. Additionally, if gaze
behavior can also indicate recognition or interpretation errors is of
interest.
We aim to further explore the relationship between gaze and
anomaly detection in medical image interpretation. Specifically,
whether accurate glances correlate to an accurate anomaly detection. Additionally, whether search or interpretation errors can be
measured by the number of glances; where a higher number of
glances on an anomaly that was not determined as such may be
indicative of an interpretation error.
By incorporating a drawing paradigm into the current study, we
are able to create comprehensive expert ground truth performance
data. Then, by comparing the gaze data, we can further explore the
cognitive process that underly expertise in this domain.

2 METHODOLOGY
2.1 Participants
26 dentists (13 female, years experience: M = 10.46, SD = 11.26) at
the university hospital clinic participated in the current study. 46%
of the participants see less than 10 patients per day and 54% see
between 11 and 30 patients per day. Due to technical issues with
the eye tracker, gaze data for two participants was not available,
though their data for the drawing portions of the experiment was
still recorded. Therefore, gaze data was available for 24 participants.

2.2

Eye Tracker

The eye tracker used was the SMI RED250 (Sensoric Motor Instruments, Germany) running at 250Hz. A 9-point calibration plus
4-point validation was performed prior to presentation. The experimental setup, including eye tracker and calibration, and design are
similar to the one found in the study by Castner et al. [1], where
subjects view OPT stimuli and are asked to mark where they detect
anomalies. Our study employs the same structure, although we are
measuring expert dentists working in a clinic and not dentistry
students as in [1].
Fixations for the left eye were calculated using I-VT [8]: using a
40°/s velocity threshold and 50ms for minimum fixation duration.
Where gaze points are considered one fixation if the point to point
velocity is too slow (below the threshold) to be indicative of a rapid
eye movement, or saccade, to another location.
Eye movement data for an image was removed if the tracking
ratio was below 75%. This pruning was performed to control for
any systematic offsets that could have potentially arose from head
movements, and in turn would affect accuracy of the gaze points.

2.3

Data

2.3.1 Gaze and Drawing Protocol. The protocol consisted of one
set of 15 OPTs with anomalies of varying difficulty and subtlety:
Two images were negative controls with no anomalies. Similar to
the protocol in [1], each OPT was viewed for an exploration phase,
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Figure 1: Experimental Session Protocol. The protocol comprised of a calibration, introduction, and instruction, then
for the 15 OPTs, a fixation, exploration, and drawing. Image
borrowed from [1].

Figure 3: Relationship between overall gaze recall and marking recall. The lighter hues are indicative of higher marking
recall.

Figure 2: Drawing example. Drawings from a participant
(Red) with predefined anomalies (Dotted Yellow), or targets,
overlayed. In this example, the participant would have four
hits and five misses and two false positives.
which was 45 seconds in duration, and again for a marking phase,
which was unlimited in duration. Anomalies detected in the exploration phase1 were then marked by drawing a red circle on-screen
in a click-and-drag fashion. The instruction for the exploration
phase was only to inspect the image for pathologies within the 45
seconds: Then, in the marking phase, only to mark the anomaly
areas that were found in the exploration phase. Figure 1 illustrates
the experimental protocol.
In addition to the gaze data, another interesting aspect is the
participants’ ability to detect anomalies. By employing an on-screen
drawing phase, we were able to measure which areas participants
determined as necessary for treatment.
Drawings obtained from the marking phase were compared
to predefined anomalies determined for each image; Images had
anywhere from four to fourteen anomalies. Participants’ indication
of an anomaly by marking it were hand-coded by trained evaluators
in order to determine if the drawing matched that of the specific
target anomaly. A correct mark on an anomaly was determined if
the drawn circle overlapped or was within the predefined anomaly
by the evaluators2 . For simplicity, we will refer to the predefined
1 e.g.

Periodontal disease, cavities, insufficient fillings and abscesses, not including
sufficient fillings, missing teeth needing no further treatment, or prosthetics.
2 Inter-rater reliability: .94 and .934.

anomalies as targets and the correct detection from a participant or
participants as a marked hit.
Regarding targets and gaze, if the coordinates of a fixation were
within or on the border of a target, it was considered a glance hit.
Additionally, we measured how often glances were for per target.
2.3.2 Recall and Precision. In the following, we report the performance in terms of recall and precision. Recall (also known as
sensitivity or true positive rate) is the number of true positives over
the total of true positives and false negatives. Thus, if an image has
a total of eight predefined anomalies and a participant finds six of
the anomalies, meaning six true positives and two false negatives,
the subject has a recall of 75%. The false negative rate, or miss rate,
is the complement of the recall, being the number of false negatives
over the total of false negatives and true positives. For the current
example, the false negative rate would be 25%.
Precision is the true positives over the total of true positives and
false positives. Though, the focus of this work is more on the recall,
precision and recall affect the harmonic mean (F1 score). For the
example shown in Figure 2, we have a recall of 50% and a precision
of roughly 67% (four true positives and two false positives).

3 RESULTS
3.1 Recall
For the participants, marking recall averaged over all images ranged
from 26% to 68%: M = 49.99%, SD = 11.12% (n = 26). However,
given that some of the images may have been more complex or
harder to determine, this likely affected the overall recall rate per
person. Considering each image separately, marking recall per person could be as high as 96% or even 0%. In addition, overall precision
ranged from 53.85% to 96.43%; the mean F-Score was 60.89% (SD:
8.65%).

MCPMD’18 , October 16, 2018, Boulder, CO, USA

N. Castner et al.

Figure 4: Frequency of Glances for marked and unmarked
targets
We measured the average gaze recall over all images for each
participant; Where one or more glances on a target are considered a
gaze hit and no glances on a target are considered a gaze miss. Gaze
recall ranged from 50% to 83%: M = 69.82%, SD = 8.44% (n = 24).
Figure 5 shows the relationship between the gaze recall to the
marking recall, where there is a slight positive correlation: r =
0.33, p = 0.11. Figure 4 shows the gaze and marking behavior on
an image level. Once again, for image two and three there was
a tendency toward extra searching within the marking phase as
shown by the gaze recall being lower than the marking recall.
Table 1 shows the true positive and false negatives for all targets
for all images for both gaze and marking data. Interestingly enough,
there is a portion of instances where targets were marked even if no
gaze was measured for those targets. This behavior could be attributed to extra searching in the marking phase of the experimental
protocol, though participants were advised not to.
Table 1: Gaze and Marking Data: Absolute & (Percent) Values
Condition
Gaze on Target
No Gaze on Target
Total

Marked Target

Missed Target

Total

1067 (37.41%)
371 (13%)
1438 (50.42%)

960 (33.66%)
454 (15.91%)
1414 (49.56%)

2027 (71.07%)
825 (28.93%)
2852 (100%)

A chi-square test of independence was performed to examine the
association between gaze recall and marking recall. The association
between these variables was highly significant, X 2 (1, N = 2852) =
13.49, p < 0.01.
More interesting, when we look at the gaze behavior per target
the number of glances per target was significantly higher (M =
2.34, SD = 3.25) when the target was marked than when not marked
(M = 1.51, SD = 1.82), t (2850) = 8.35, p < 0.001. Considering
targets were not marked 49.56% of the time, zero glances on a
target could be indicative of ineffective searching of the image.

Figure 5: Frequency of glances per target for marked and unmarked targets for all images as depicted by the overlapping
distributions for marked targets (blue bars) and unmarked
targets (red bars). The frequencies when number of glances
per target is 3 or more is overall higher for when the target
was marked in contrast to when the target was not marked.

Whereas, when there are glances per target for the case target
missed, this behavior could be indicative of an analysis error: Where
a low number of glances on a target could indicate an error in
recognition, and a high number of glances could indicate an error
in interpretation.

3.2

Glance Frequency

The frequency of glances per target as seen in Figure 5 shows that
for unmarked targets, there is a higher frequency for zero glances
or one glance on a target. For marked targets, there is also a trend
to glance once on a target. However, when there are three or more
glances per target, there is a switch in the marking behavior, where
the frequency is higher for targets marked compared to targets
unmarked.
Due to the variability of the targets in the images, marking recall
per image varied greatly, as seen in Figure 4. In particular, for image
nine (see Figure 6), the average gaze recall is 80%. The number of
glances per target for this image shows a distinction between glance
behavior for target marked or target unmarked. Here, there are
higher frequencies for glancing at a target three or more times when
the target was marked, while when the target was not marked, there
are higher frequencies for glancing at a target one or zero times.
Overall, there was a higher true positive rate for target marking,
which is also apparent in the gaze behavior.
Another example of different behavior respective of image is
shown in Figure 7. Here, the gaze indicates a relatively high number
of targets detected as false negatives were glanced at 2 or more
times. Especially, when the number of glances increases to five, the
frequencies are higher for targets unmarked in contrast to targets
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Figure 6: Histogram of number of glances per target for
when the target was marked or missed. For this image in particular, the number of glances on a target was higher when
the target was marked in contrast to when the target was not
marked.

Figure 7: Example of an image where there is a high amount
of false negatives in marking although there is a high frequency of higher glances per target.

marked. Thus, targets looked at often were possibly interpreted as
not being an anomaly. This glance behavior could be indicative of
interpretation errors.

DISCUSSION

For detecting anomalies, the sample of expert dentists we tested
found roughly 50% of the target anomalies, though their performance varied over the images. The recall rates we found are roughly
similar to those in the study by Diniz et al. [2], where the mean
recall from the expert dentists was between 20 and 40%, depending
on the nature of the anomaly. They attributed the experts’ detection
behavior to ‘overlooking’ anomalies where the cost (i.e. treatment
cost) of detecting the anomaly as such would outweigh any long
term benefit. One possible explanation for the recall of the experts
in our study could be the nature of the experiment. They were
instructed to mark only the anomalies they detected in the exploration phase and not mark anomalies detected additionally during
the marking phase. Although, we could not control for additional
searching, if the subjects adhered to this instruction, naturally recall
would be lower than real world conditions where they may have
unlimited time to inspect an OPT.
However, the allusion of ‘overlooking’ is apparent. We found
there was a slight relationship (r = 0.33) between gaze on target
anomalies and the detection of target anomalies. Although, more
interesting was that gaze recall, or the rate of whether an anomaly
target was glanced at, was overall higher than the recall of marking
the anomalies. High sensitivity to looking at anomaly areas can be
indicative of effective searching of the image and all possible areas
where pathologies reside. Thus, experts often looked at an anomaly
area, although they marked it roughly at chance level (50.42%).
It is known that experts often have more effective search strategies, where they fixate more often on relevant areas compared to
their novice counterparts, and that experts are also better at detecting anomalies [9, 10]. However, when an expert does not mark an
anomaly when he or she has seen it, which mechanisms determine
that cognitive decision? Kundel et al. [6] proposed three types of
decision errors. Based on the fixation duration, a false negative
could be classified as either a search error (no fixation on target), a
recognition error (short fixation duration on target), or a decision
error (long fixation duration on target).
Fixation duration can be applied to distinguish different errors.
However, we successfully applied the number of glances for determining the cognitive mechanisms behind false negatives. For
experts, we found very few occurrences that could be similarly
classified as a search error. Roughly 30% of targets missed were
due to no gaze on the target, meaning an anomaly was not detected because it was not looked at. Similarly, a recognition error
could be distinguished as glancing once or twice on the anomaly,
where an expert may look over an anomaly and determine it is not
worth further scrutiny. Whereas, a decision error may be characterized by more glances to the area. This high number of glances
could indicate, that more cognitive processing may be involved for
determining the nature of the anomaly.
Overall, when an anomaly was not detected as such, there were
higher frequencies of one or two glances on the anomaly. Therefore,
it is possible these were recognition errors. Decision errors were
overall less frequent, where generally if an anomaly was looked
at three or more times, it was more likely to be explicitly determined as such. However, this was not the case when we looked at
each image separately. There were some images where unmarked
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anomalies had high frequencies for three or more glances on an
anomaly. The exact nature of how obvious or subtle anomalies were
per image was out of the scope of this paper. However, future work
could employ expert glance behavior as a predictor of how easy or
hard an anomaly is to accurately detect. Furthermore, the scanpath,
or order that the anomalies were fixated on, can offer insight into
patterns indicative expert search behavior and is of great interest
to our future research. In our future work we will therefore employ
advanced algorithms for scanpath analysis (e.g., Subsmatch [5]) to
relate expertise with performance. This understanding of the cognitive processes involved in effective medical image interpretation
as illustrated by the gaze behavior can offer expert insight toward
teaching effective decision making in novices.
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