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Abstract 1 

Purpose: Experienced radiologists have enhanced global processing ability relative to novices, 2 

allowing experts to rapidly detect medical abnormalities without performing an exhaustive search. 3 

However, evidence for global processing models is primarily limited to two-dimensional image 4 

interpretation, and it is unclear whether these findings generalize to volumetric images, which are 5 

widely-used in clinical practice. In this study, we examined whether radiologists searching 6 

volumetric images use methods consistent with global processing models of expertise. In addition, 7 

we investigated whether search strategy (Scanning/Drilling) differs with experience-level.  8 

Approach: Fifty radiologists with a wide range of experience evaluated chest computed-9 

tomography scans for lung nodules while their eye movements and scrolling behaviors were 10 

tracked. Multiple linear regression was used to determine: 1) how search behaviors differed with 11 

years of experience and the number of chest CTs evaluated per week; and 2) which search 12 

behaviors predicted better performance.  13 

Results: Contrary to global processing models based on 2D images, experience was unrelated to 14 

measures of global processing (saccadic amplitude, coverage, time to first fixation, search time, 15 

and depth passes) in this task. Drilling behavior was associated with better accuracy than 16 

Scanning behavior when controlling for observer experience. Greater image coverage was a 17 

strong predictor of task accuracy. 18 

Conclusions: Global processing ability may play a relatively small role in volumetric image 19 

interpretation, where global scene statistics are not available to radiologists in a single glance. 20 

Rather, in volumetric images, it may be more important to engage in search strategies that support 21 

a more thorough search of the image. 22 

Keywords: Medical image perception, gist processing, expertise, Scanners and Drillers, lung 23 

cancer detection 24 
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Identifying an abnormality in a medical image is a critical step toward patient diagnosis 1 

and treatment. However, medical image interpretation is a difficult task, and research spanning 2 

the past several decades has consistently revealed missed abnormality rates of approximately 3 

30%1. Given the challenge of this task, one might expect abnormality detection to involve an 4 

exhaustive search of the image until an abnormality is located. However, radiologists frequently 5 

report sensing an abnormality is present before it is actually located and identified in the image. 6 

Consistent with these anecdotal reports, radiologists detect most abnormalities within the first 7 

second of interpretation, which is much less time than it would take to complete an exhaustive 8 

search of the image2–4. In addition, radiologists can discriminate between normal and cancerous 9 

cases at a rate well-above chance after viewing medical images for only a fraction of a second5–10 

8. These findings demonstrate that radiologists can extract a remarkable amount of information 11 

about a medical image in only a single glance. This phenomenon is referred to as “gist” or 12 

“global” processing, and these enhanced perceptual abilities are considered to be a key 13 

distinguishing characteristic between experts and novices in radiology9–11.  14 

Although radiologists would never view medical images for only a fraction of a second in 15 

clinical practice – accuracy greatly improves with an unlimited viewing time12 – these findings 16 

provide important insight on how the development of perceptual expertise influences naturalistic 17 

search behavior in radiology. Since the early 1970s, researchers have observed both qualitative 18 

and quantitative differences in search patterns across radiologists with different levels of 19 

experience13. More experienced radiologists have lower image coverage, make fewer fixations, 20 

have larger saccadic amplitude, and fixate on abnormalities more quickly (i.e., shorter time to 21 

first fixation) than both naïve and novice observers10. These findings suggest that experienced 22 

radiologists are able to rely more on the global properties of the image for attentional guidance 23 

than novices. These enhanced perceptual abilities appear to emerge before expert decision-24 

making abilities develop and without any explicit instruction on search strategy13,14.  25 
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The differences in search behavior between experts and novices have led to a number 1 

of medical image perception models, each of which posits a major role for global processing in 2 

medical image interpretation15–17. The most recent of these models proposes a two-component 3 

visual search process with a non-selective (global) pathway and a selective (local) pathway that 4 

operate in parallel15. The non-selective pathway enables radiologists to rapidly extract the global 5 

statistical properties of an image. Although the non-selective pathway helps guide attention to 6 

perturbations in the image, detailed information about the abnormalities appears to be limited 7 

relative to the selective pathway cf. 6, 7. In contrast, the selective pathway is limited in processing 8 

capacity but provides fine-grained information that supports the recognition and localization of 9 

abnormalities during a more foveal search. This two-pathway model originates in the visual 10 

search literature18, where evidence suggests that global summary statistics (e.g., mean size19 11 

and orientation20 of objects, scene category21, or direction of motion22) can be extracted from 12 

scenes in a single glance, whereas only a limited number of objects can be recognized 13 

simultaneously due to limits of object-based attention23. Global processing ability in radiology is 14 

thought to involve the same cognitive mechanisms that allow laypeople to categorize familiar 15 

types of scenes after brief image presentations15,24,25. Through experience, radiologists develop 16 

a strong mental representation of a normal medical image, resulting in greater sensitivity to the 17 

statistical irregularities associated with an abnormal image. Thus, more experienced radiologists 18 

are able to rely more on the non-selective pathway than novices, resulting in a search that relies 19 

more on information extracted from the periphery than an exhaustive search of the image.  20 

Despite the prominent role of global processing in all major medical image perception 21 

models, some caution is warranted on the generalizability of these findings. These models were 22 

established using a relatively limited set of tasks: lung cancer detection using chest radiographs 23 

and breast cancer detection in mammography. Meanwhile, advancements in medical imaging 24 

technology have dramatically changed the size and complexity of medical images over the past 25 

several decades. In particular, there has been a shift from two-dimensional (2D) medical 26 
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images, such as radiographs, to volumetric images, such as computed tomography (CT) scans, 1 

that better preserve the underlying three-dimensional (3D) structure of the human body. 2 

Volumetric medical images make up an increasingly large portion of radiologists’ workload26,27, 3 

but it remains unclear how global processing ability might manifest in these images, where the 4 

global statistical information is embedded in a navigable volume rather than being available to 5 

the observer in a single glance28.  6 

Recent studies have evaluated global processing in these new modalities by showing 7 

observers videos of volumetric medical images that rapidly transition through the image slices at 8 

a fixed-rate29,30. In these studies, observers were able to reliably discriminate between normal 9 

and abnormal cases after rapid image presentations, and discrimination ability increased with 10 

observer experience. Although these studies provide evidence that global processing may play 11 

a role in volumetric image interpretation, we do not yet know how experience influences 12 

naturalistic search behavior. If more experienced radiologists use a global search strategy, eye 13 

tracking metrics associated with experience in 2D medical images, such as reduced image 14 

coverage and shorter time to first fixation, should replicate in volumetric image interpretation 15 

tasks. However, a recent review paper found that very few of these expertise-related differences 16 

in search behavior have been examined in comparable tasks using volumetric images28.  17 

In addition to differences in scan patterns, global processing ability might also change 18 

how the observer scrolls through the depth of volumetric images. The global statistical 19 

properties of volumetric images are embedded throughout multiple stacked slices. Therefore, 20 

forming a global impression must involve some type of interaction with scrolling behavior. For 21 

example, an observer might establish a global impression of the image by frequently scrolling 22 

through the full depth of the image volume31. In a recent longitudinal study, radiology residents 23 

spent less time conducting ‘full runs’ through the stack toward the end of their training, 24 

suggesting global impressions of the image are established more efficiently with experience32. 25 

Similarly, experts adapted to faster image presentation speeds more easily than novices, which 26 
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might reflect a shift toward a more global search strategy with experience33. However, other 1 

studies have not found any differences in performance between experts and novices at different 2 

image presentation speeds, and very few studies have addressed this question while allowing 3 

radiologists to freely scroll through the image stack as they would in clinical practice34,35.  4 

Although global processing ability explains much of the variation between experts and 5 

novices in 2D image interpretation tasks, volumetric images introduce other aspects of search 6 

behavior that may help explain individual differences in performance. For example, two different 7 

strategies have been identified for searching through the depth of chest CT stacks during a lung 8 

cancer detection task: Scanning and Drilling36. Scanners search broadly across each slice of the 9 

CT scan while slowly moving through the image slices. In contrast, Drillers keep their eyes 10 

relatively fixed in a single region of the lung at a time while rapidly scrolling through the depth of 11 

the stack. When given a fixed time-limit for each case (3 minutes), Drillers detected more lung 12 

nodules and had greater image coverage than Scanners. These differences in performance are 13 

attributed to the fact that lung cancer nodules appear to flicker in and out of view when the 14 

observer scrolls through the image slices, which helps the observer differentiate the nodules 15 

from other structures, such as blood vessels, that persist throughout many slices of the image37.  16 

It is not yet clear if the benefits of Drilling generalize to tasks beyond lung cancer 17 

detection38,39. However, volumetric images clearly have unique properties that are important to 18 

consider in models of perceptual expertise. For example, lung nodules may appear to flicker in 19 

and out of view as the observer scrolls through the depth of a CT stack, which may mimic 20 

abrupt motion onset cues that are thought to involuntarily capture attention40. Although there 21 

does not appear to be a standard practice for how to instruct radiologists to search through 22 

volumetric medical images, search strategy might develop organically with experience. For 23 

example, a wider useful field of view (UFOV) might allow more experienced radiologists to take 24 

advantage of motion onset cues elicited in the periphery when scrolling through depth. 25 

Alternatively, search strategy might be passed on informally from mentor to mentee during 26 
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training, or radiologists may simply learn that one strategy is more effective than another and 1 

begin to adopt it over time. In the original Scanner/Driller study, Drillers reported reading more 2 

CT images in an average week than Scanners, but radiologists in each group had similar years 3 

of experience 36. Although this preliminary evidence that Drillers had more regular experience 4 

with CT images is promising, that study was not designed to look at experience-related effects 5 

on search strategy, requiring more work to fully disentangle the effects of experience versus 6 

search strategy on task performance. 7 

In sum, knowledge of how expert search behavior develops in volumetric image 8 

interpretation is currently a substantial gap in the medical image perception literature. Here, we 9 

sought to help fill this gap by characterizing expert search behavior in a large sample of 10 

radiologists (n=50) with a wide range of experience. In this study, radiologists evaluated chest 11 

CT scans for lung cancer nodules. Because lung cancer detection is one of the most well-12 

researched tasks in the medical image perception literature, these findings can be more easily 13 

compared to previous research. The first aim of this study was to determine whether behavioral 14 

and eye tracking measures associated with global processing ability in 2D images (accuracy, 15 

search time, image coverage, saccadic amplitude, and time to first fixation) replicate in 16 

volumetric medical images. Although the search behaviors associated with global processing 17 

ability in volumetric images are not yet well-understood, the measures associated with global 18 

processing ability in 2D images serve as a useful starting point for understanding expert search 19 

behavior in volumetric tasks. In addition, we investigated how radiologists might establish a 20 

global impression of the image using novel measures of scrolling behavior (number of depth 21 

passes and scrolling speed). The second aim of this study was to determine how overall search 22 

strategy changes with experience. Specially, the goals were to: 1) replicate previous findings 23 

that Drilling is a better strategy than Scanning for lung cancer detection; and 2) disentangle the 24 

effects of experience from search strategy. Together, these analyses help determine whether 25 

existing models of medical image perception can account for expert search behavior in 26 
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volumetric image interpretation, as well as how they might be updated to account for scrolling 1 

behavior in volumetric images. 2 

Method 3 

A separate analysis of this dataset has been published previously41.  4 

Participants 5 

Fifty-six radiologists were recruited from the National Cancer Institute’s Perception Lab 6 

at a Radiological Society for North America meeting; a hospital in Salt Lake City, UT, United 7 

States; and a hospital in Sydney, NSW, Australia. In order to meet the minimum experience 8 

level for eligibility in our study, participants were required to be in the first year of a radiology 9 

residency program or higher. Five radiologists were excluded from the study prior to 10 

participation due to unsuccessful eye tracking calibration, and data from one radiologist were 11 

excluded from the analysis due to equipment failure. The final sample consisted of 50 12 

radiologists with a wide range of experience: 25 radiology residents (four 1st year, five 2nd year, 13 

seven 3rd year, and nine 4th year), 1 fellow, and 24 attending or practicing radiologists.  14 

Participants at RSNA were entered into a raffle for a chance to win a $500 Amazon gift 15 

card, participants in Salt Lake City were compensated with $50, and participants in Sydney 16 

volunteered their time. The study procedures were approved by the University of Utah 17 

Institutional Review Board and the Macquarie University Human Research Ethics Committee. 18 

All participants provided informed written consent and were debriefed following the study. 19 

 
Procedure 20 

Participants first completed a questionnaire regarding their level of experience, area of 21 

expertise, and demographic information. Next, observers performed a lung cancer detection 22 

task using seven axial chest CT scans (1 practice, 6 experimental) viewed in a typical lung 23 

window and level. Half of the cases were normal (no lung nodules) and the other half were 24 

abnormal (at least one lung nodule). Participants were instructed to identify nodules >=3mm in 25 
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diameter by clicking on the nodule’s center of mass with the mouse. Case completion time was 1 

unrestricted and participants clicked on a box to move on to the next case. Participants could 2 

freely scroll back and forth through the slices of the CT scan using the mouse scroll wheel. On 3 

average, there were 148 slices in each CT stack. Following each case, radiologists rated the 4 

difficulty of the case from 1 (not at all difficult) to 6 (very difficult).  5 

Participants were situated on a chinrest approximately 89cm from a 17” monitor. Eye 6 

movements were recorded using an Eyelink 1000 Plus at a sampling rate of 1000Hz. 7 

Participants underwent a nine-point calibration procedure at the beginning of the study, and re-8 

calibrations were performed throughout the task as necessary. To reconstruct eye movements 9 

through the volumetric space, the observer’s current position in depth was co-registered with 10 

each eye tracking sample and processed offline using custom Matlab scripts.  11 

Materials 12 

The abnormal cases contained 9, 11, and 23 nodules, respectively. Five of the six 13 

experimental cases were obtained from the Lung Image Database Consortium (LIDC) and the 14 

final case was obtained from clinical practice at the University of Utah School of Medicine42. For 15 

the LIDC cases, ground truth was established by four thoracic radiologists who independently 16 

marked nodule locations prior to reviewing the anonymized marks of the other three radiologists 17 

and rendering a final decision. For the Utah case, author WA marked the nodule locations. 18 

Analysis Plan 19 

The study’s sample size, data exclusion criteria, and primary predictions and analyses 20 

were pre-registered prior to data collection: https://osf.io/aqkbd. There are some preregistered 21 

analyses that have not yet been conducted as they are beyond the scope of this particular 22 

paper (e.g., similarity score and pupillometry). As preregistered, years of experience since 23 

graduating medical school and the average number of chest CTs evaluated each week were 24 

entered into a multiple linear regression for each of the dependent measures. In addition, in 25 

preregistered analyses, image coverage, search strategy (i.e., Scanning/Drilling), and scrolling 26 
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speed were regressed onto nodule detection rate to determine which search behaviors 1 

predicted better performance. To control for the effects of experience, years of experience and 2 

the number of chest CTs read per week were added as predictors in each regression model. 3 

The remaining regression analyses were exploratory and not included in the preregistration. We 4 

also added a quartile comparison where we compared the bottom and top quartile of each 5 

quantitative Scanner/Driller measure using a between-participants t-test to determine how these 6 

methods compared to the subjective method of classifying search strategy.  7 

In addition to the pre-registered analyses, Bayes Factors were calculated to assist in the 8 

interpretation of null results and to help identify analyses that might have been underpowered. 9 

For the linear regressions, we used a JZS prior with the default scale (r = .35). A BF10 >3 10 

indicates sufficient evidence for the alternative relative to the null hypothesis, a BF10 < 1/3 11 

indicates sufficient evidence for the null relative to the alternative hypothesis, and a BF10 12 

between these two values indicates that more evidence is needed for a strong conclusion43. For 13 

each multiple linear regression model, Bayes Factors are reported for each predictor variable 14 

individually as well as the full model. 15 

Results 16 

Observer Experience 17 

Participants (19 Female, 31 Male) reported reading 41 (SD = 52, range = [0, 250]) chest 18 

CT scans in an average week and had an average of 12 (SD = 13, range = [.5, 42]) years of 19 

radiology experience since graduating medical school. On average, radiologists were 41 (SD = 20 

13, range = [27, 68]) years old. Of these radiologists, 27 (54%) reported they were American 21 

Board of Radiology certified or their country’s equivalent. Twenty (40%) radiologists reported 22 

expertise in thoracic imaging. The relationship between experience and each of the dependent 23 

measures of search behavior is shown in Table 1. 24 

  25 
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Table 1. Results of multiple linear regression for experience measures 1 

Measure Mean SD Years 
p-

value 

Chest 
CTs 
p-

value 

β0 β1 β2 Model 
p-

value 

R2 BF10 

Sensitivity 58% 19% .56 .26 57 -.001 .001 .40 .04 .24 

False Alarms 3.4 2.4 .21 .17 3.44 -.04 .009 .14 .08 .55 

Search Time 137.9s 61.7s .23 .89 149.1 -.87 -.02 .49 .03 .20 

Coverage 38% 13% .17 .54 42 -.002 -.000
2 

.36 .04 .26 

Saccadic 
Amplitude 

2.15° .77° .06 .26 1.85 .02 .002 .12 .09 .61 

Time to First 
Fixation 

567ms 596ms .24 .61 501.4 8.25 -.87 .40 .04 .24 

Depth Passes 2.3 1.7 .07 .22 3.03 -.04 -.006 .11 .09 .65 

Scrolling Speed 6 2 .004 .18 7.17 -.07 -.007 .01 .18 4.59 

Refixation Rate 39% 11% .047 .27 44 -.003 -.000
3 

.10 .10 .73 

Nodule Dwell 
Time 

3065.8 
ms 

1531.7 
ms 

.60 .38 3136 9.33 -3.84 .55 .03 0.19 

Eye Movement 
Index 

.41 .24 .06 .32 .32 .005 .001 .13 .29 .60 

Change XY/Z 
Score 

63.74 64.31 .02 .15 31.26 1.79 .26 .03 .14 2.04 

 2 

Task Performance 3 

Accuracy 4 

On average, radiologists reported 58% (SD = 19%) of the lung cancer nodules. Contrary 5 

to our prediction, neither years of experience, F(1, 46) = .34, p = .56, BF10 = .36, nor the number 6 

of chest CTs read per week, F(1, 46) = 1.32, p = .26, BF10 = .54, predicted nodule detection-7 

rate, R2 = .04, BF10 = .24 (Figure 1a; Table 1). Next, we calculated false alarms as the average 8 

number of clicks per case that were not within 50 pixels of a true nodule. The average number 9 

of false alarms per case was 3.4 (SD = 2.4) nodules. The number of false alarms was not 10 

predicted by years of experience, F(1, 46) = 1.62, p = .21, BF10 = 0.68, or the number of chest 11 
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CTs read per week, F(1, 46) = 1.92, p = .17, BF10 = 0.77; R2 = .08, BF10 = 0.55 (Figure 1b; Table 1 

1). However, the Bayes Factors suggest more evidence is needed to make a conclusion about 2 

whether false alarms differ across experience levels.  3 

Error Classification 4 

Using the eye tracking data, miss errors were classified into recognition, search, or 5 

decision errors by calculating the cumulative dwell time on the lung nodules44. Recognition 6 

errors were defined as unreported nodules fixated for less than 1000ms, decision errors were 7 

defined as unreported nodules fixated for more than 1000ms, and search errors were defined as 8 

unreported nodules that were never fixated at all. In addition, we performed a non-preregistered 9 

analysis to classify search errors into two different types: 1) The slice containing the abnormality 10 

was visited but the nodule was never fixated; and 2) The slice containing the abnormality was 11 

never visited. However, the 2nd type of search error was only observed in 1/50 radiologists, and 12 

therefore search errors were collapsed for all subsequent analyses.  13 

Contrary to our prediction, cumulative dwell time on correctly-identified nodules (M = 14 

3065.8ms, SD = 1531.7ms) did not significantly decrease with years of experience, F(1, 46) = 15 

.27, p = .60, BF10 = .34, nor the number of chest CTs read per week, F(1, 46) = .79, p = .38, 16 

BF10 = .42; R2 = .03, BF10 = .19. In previous research using a lung cancer detection task with 17 

chest radiographs44, the distribution of miss errors was 45% decision, 30% search, and 25% 18 

recognition errors. In this task, there were 51% recognition errors, 39% search errors, and 10% 19 

decision errors. One possible reason for the shift from decision to recognition errors in this 20 

dataset is that nodules and normal structures (e.g., blood vessels) might be less confusable with 21 

each other in volumetric medical images. However, this proposal will need to be tested in future 22 

work by directly comparing 2D and volumetric image search when controlling for other 23 

characteristics (e.g., abnormality size and location; case difficulty). Although we predicted the 24 

number of search errors would differ with experience, years of experience and the number of 25 



13 
 

chest CTs read per week did not predict a greater proportion of any error type, all p-values > .05 1 

and all BF10 < .33. 2 

Search Time 3 

On average, radiologists spent 137.9 (SD = 61.7) seconds evaluating each case. 4 

Abnormal trials (M = 163.3s, SD = 72.2s) were searched significantly longer than normal trials 5 

(M = 112.6s, SD = 61.5s), t(49) = 6.81, p < .001, BF10 = 975782.9. In 2D images, search time 6 

would be expected to decrease with experience due to an increased reliance on the global 7 

properties of the image. However, in this volumetric image interpretation task, search time did 8 

not decrease with years of experience, F(1, 46) = 1.46, p = .23, BF10 = .52, nor the number of 9 

chest CTs read per week, F(1, 46) = .02, p = .89, BF10 = .29; R2 = .03, BF10 = .20 (Figure 1c; 10 

Table 1). This pattern of results was the same for both normal and abnormal cases, all p-values 11 

> .05, all BFs10 < .33. Controlling for experience using multiple linear regression, spending more 12 

time on each case was a strong predictor of increased nodule detection rate, F(1, 45) = 17.94, p 13 

< .001, R2 = .31, BF10 = 207.94 (Figure 2a; Table 2).  14 

 15 

Table 2. Predictors of Lung Nodule Detection Rate (controlling for experience using multiple 16 

linear regression) 17 

Measure β p-value R2  BF10 
Search Time .002 <.001 .31  207.94 
Coverage 1.04 <.001 .32  252.06 
Saccadic Amplitude -.14 .02 .14  3.39 
Depth Passes .05 .008 .18  6.98 
Scrolling Speed .04 .90 <.001  .46 
Eye Movement 
Index -.29 .01 .17  5.54 

Change XY/Z Score -.0001 .77 .04  .47 
18 
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 1 

Figure 1. Relationship between experience and task performance 
There was no evidence for a significant relationship between: A) nodule detection rate and 

years of experience or the number of chest CTs read per week. B) false alarms and years of 
experience or the number of chest CTs read per week. C) search time and years of experience 

or the number of chest CTs read per week. Dashed lines represent the 95% CI here and 
throughout the manuscript. 
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Figure 2. Predictors of task performance (controlling for experience using multiple linear 

regression) 
Higher nodule detection rates were predicted by A) longer search times, B) greater image 

coverage, and C) more depth passes. 
 1 

Eye Movements 2 

 Image Coverage 3 

To calculate the percentage of lung tissue searched (i.e., image coverage), each slice of 4 

the CT scans was converted to a black (non-lung tissue) and white (lung tissue) mask. Using 5 

the eye tracking sample data, which consisted of the x, y, and z eye position coordinates 6 

sampled once every millisecond, we converted the pixels within a 2.6° diameter useful field of 7 

view (UFOV) of each set of coordinates to black. None of the results reported here substantively 8 

differ if coverage is calculated using the fixation data instead of the eyetracking sample data. 9 

Although a 5° diameter UFOV is commonly used for lung nodule detection tasks using chest 10 

radiographs45, previous research demonstrated a 2.6° diameter UFOV is more appropriate for 11 

lung nodule detection using chest CT scans46. Image coverage was calculated as [1 - (the 12 

number of white pixels in the final image/the number of white pixels in the original image)].  13 

Consistent with previous research using volumetric medical images, overall image 14 

coverage was quite low36,38,47,48. On average, only 38% (SD = 13%) of the total area of the CT 15 

scans was searched within a 2.6° diameter UFOV. We predicted that image coverage would 16 

decrease with observer experience, indicating an ability to rely more on information extracted 17 

from the periphery rather than a systematic search. Contrary to this prediction, image coverage 18 

did not decrease with years of experience, F(1, 46) = 1.91, p = .17, BF10 = .58, nor the number 19 
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of chest CTs evaluated each week, F(1, 46) = .39, p = .54, BF10 = .31; R2 = .04, BF10 = .26 1 

(Figure 3a; Table 1). Controlling for experience using multiple linear regression, searching the 2 

images more thoroughly strongly predicted increased nodule detection-rate, F(1, 45) = 18.57, p 3 

< .001, R2 = .32, BF10 = 252.06 (Figure 2b; Table 2).  4 

Saccadic Amplitude 5 

A larger saccadic amplitude (i.e., the average distance between consecutive fixations 6 

expressed in degrees of visual angle) is thought to reflect a more global search strategy and 7 

was expected to increase with observer experience10. On average, saccadic amplitude was 8 

2.15° (SD = .77°). Contrary to our prediction, saccadic amplitude did not significantly increase 9 

with years of experience, F(1, 46) = 3.61, p = .06, BF10 = .99, nor the average number of chest 10 

CTs read per week, F(1, 46) = 1.29, p = .26, BF10 = .39; R2 = .09, BF10 = .61 (Figure 3b; Table 11 

1). However, the Bayes Factors suggest more evidence is needed before a strong conclusion 12 

can be made about the relationship between experience and saccadic amplitude. Controlling for 13 

experience using multiple linear regression, having a smaller saccadic amplitude predicted a 14 

higher nodule detection rate, F(1, 45) = 5.45, p = .02, R2 = .14, BF10 = 3.39 (Table 2). 15 

Time to First Fixation 16 

Time to first fixation on a detected abnormality in 2D medical images is thought to reflect 17 

a more global search strategy and typically decreases with experience10. To adapt this measure 18 

to volumetric images, we calculated time to first fixation relative to the moment the abnormality 19 

first became visible when scrolling through the slices49. If the nodule was not detected the first 20 

time it became visible (i.e., the radiologist moved to another position in depth without clicking on 21 

the nodule), time to first fixation was calculated relative to the moment the abnormality first 22 

reappeared prior to detection.  23 

On average, radiologists took 567 (SD = 596) milliseconds to fixate on the nodules from 24 

the moment they first became visible. Contrary to our prediction, time to first fixation did not 25 

decrease with years of experience, F(1, 46) = 1.41, p = .24, BF10 = .55, nor the number of chest 26 
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CTs read per week, F(1, 46) = .27, p = .61, BF10 = .35; R2 = .04, BF10 = .24 (Figure 3c; Table 1). 1 

Upon visual inspection (Figure 3c), it became apparent that one participant was an outlier (>3 2 

SDs from the mean). However, the outcome of the multiple linear regression does not change if 3 

this outlier is removed, both p-values > .05, all BFs10 < .55.  4 

 
Figure 3. Relationship between experience and search behavior 

There was no evidence for a significant relationship between A) image coverage and years of 
experience or the number of chest CTs read per week, B) saccadic amplitude and years of 
experience or the number of chest CTs read per week, C) time to first fixation and years of 

experience or the number of chest CTs read per week.  
 5 
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Refixation Rate 1 

Refixation rate was calculated as the proportion of total fixations that were within UFOV 2 

(2.6°) of a previous fixation (i.e., proportion of fixations that were refixations)50. We predicted 3 

that more experienced radiologists would use more systematic search strategies to navigate 4 

through the image, resulting in fewer refixations.  5 

On average, 39% (SD = 11%) of fixations were refixations. In partial support for our 6 

hypothesis, refixation rate decreased with years of experience, F(1, 46) = 4.16, p = .047, BF10 = 7 

1.21, but not the number of chest CTs read per week, F(1, 46) = 1.24, p = .27, BF10 = .37; R2 = 8 

.10, BF10 = .73. However, the Bayes Factors indicate that more evidence is needed to make a 9 

strong conclusion about the relationship between refixations and observer experience. 10 

Controlling for experience using multiple linear regression, higher refixation rates predicted 11 

better nodule detection performance, F(1, 45) = 5.67, p = .02; R2 = .15, BF10 = 3.67. This result 12 

suggests that observers with larger refixation rates may benefit from additional opportunities to 13 

detect nodules that might have been missed during the first opportunity for detection. Consistent 14 

with this proposal, refixation rate was strongly correlated with search time, F(1, 48) = 62, p < 15 

.001, r2 = .56, BF10 = 3.57e+7, and higher refixation rates were no longer significantly associated 16 

with better performance when controlling for search time, F(1, 47) = 1.04, p = .31; R2 = .30, BF10 17 

= .41.  18 

Scrolling Behavior 19 

Depth Passes 20 

The number of passes through the depth of the CT scan has been proposed as a metric 21 

of global processing ability in volumetric images31. If experienced observers rely more on a 22 

global search strategy, they may make more passes through the depth of the image in order to 23 

establish a global impression of the image. Alternatively, if more experienced observers are able 24 

to extract the global properties of the image more easily, they might be able to maintain high 25 

performance despite making fewer passes through the depth of the image. The number of 26 
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passes through depth was defined as the number of times the radiologist scrolled through at 1 

least 80% of the depth of the full stack.  2 

On average, radiologists made 2 (SD = 2) depth passes. Contrary to our prediction, the 3 

number of passes through depth was not significantly related to years of experience, F(1, 46) = 4 

3.57, p = .07, BF10 = .95, nor the number of chest CTs read per week, F(1, 46) = 1.53, p = .22, 5 

BF10 = .42; R2 = .09, BF10 = .65 (Figure 4a; Table 1). However, Bayes Factors suggest more 6 

evidence is needed before making a strong conclusion about the relationship between the 7 

number of passes through depth and experience. Controlling for experience using multiple 8 

linear regression, making more passes through depth predicted increased nodule detection-9 

rate, F(1, 45) = 7.51, p = .009; R2 = .18, BF10 = 6.98 (Figure 2c; Table 2). 10 

Scrolling Speed 11 

On average, scrolling speed was 6 (SD = 2) slices per second. We predicted that more 12 

experienced observers would scroll through the stack more quickly than less experienced 13 

radiologists. However, contrary to this prediction, scrolling speed significantly decreased with 14 

years of experience, F(1, 46) = 9.14, p = .004, BF10 = 6.69, but not the number of chest CTs 15 

read per week, F(1, 46) = 1.82, p = .18, BF10 = .39; R2 = .18, BF10 = 4.59 (Figure 4b; Table 1). 16 

Controlling for experience using multiple linear regression, scrolling speed did not predict 17 

differences in nodule detection rate, F(1, 45) = .02, p = .90, R2 < .001, BF10 = .46 (Table 2).  18 
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Figure 4. Relationship between experience and scrolling behavior 

A) There was no significant relationship between the mean number of depth passes per case 
and years of experience or the number of chest CTs read per week. Depth passes are defined 

as the number of times the radiologist scrolled through at least 80% of the CT scan. B) Scrolling 
speed (slices per second) decreased with years of experience but did not differ with the number 

of chest CTs read per week.
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Scanners and Drillers 1 

Radiologists were first tentatively divided into Scanners and Drillers by analyzing the 2 

depth by time plots for each participant following the subjective method used in previous studies 3 

(Figure 5a)36,39. First, the observer’s position in depth was plotted on the y-axis and time was 4 

plotted on the x-axis. Next, each quadrant of the image was assigned a different color. At each 5 

time point, the observer’s eye position on the 2D plane was reduced to a single dimension by 6 

plotting each point in the color assigned to that quadrant. Using the depth by time plots, the lead 7 

author then made a subjective decision about whether each radiologist was a Driller or a 8 

Scanner according to the descriptions of search strategy outlined in Drew et al. (2013). 9 

Qualitatively, Driller plots are characterized by spending prolonged time in one region of the 10 

lung (typically one quadrant or lobe) at a time while rapidly scrolling through the slices. In 11 

contrast, Scanners search broadly across the 2D plane while slowly moving through the depth 12 

of the CT scan (Figure 5a). Although depth by time plots can reveal qualitative differences in 13 

search strategy, it is unclear how to best capture these differences in search behavior 14 

quantitatively. Here, we compared two quantitative measures that have been used in previous 15 

research: the eye-movement index36,39 and the change in XY/Z score38.  16 

In the original Scanner/Driller study, the authors’ subjective categorizations of search 17 

strategy were then tested using the eye movement index36. On average, Scanners should have 18 

larger saccadic amplitude and make fewer consecutive fixations in the same quadrant of the 19 

lung (i.e., fixation clusters) than Drillers. Therefore, if mean saccadic amplitude is plotted on the 20 

x-axis and the average number of fixation clusters per second is plotted on the y-axis, Scanners 21 

tend to cluster in the top-right of the figure (Figure 5b). These measures can then be combined 22 

into a single metric by normalizing each score from 0 to 1 and adding the two measures 23 

together (Figure 5b).  24 

The eye movement index can help distinguish between Scanners and Drillers36, but this 25 

metric does not directly take the observer’s movement through depth into account. If Drilling is 26 
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associated with better performance because it enables radiologists to take advantage of abrupt 1 

motion onset cues while scrolling through depth, this may be an important aspect of search 2 

behavior to quantify. To account for this possibility, Scanning and Drilling behavior has also 3 

been conceptualized as the [summed change in xy (i.e. scan path length)/the maximum change 4 

in z] averaged across five second intervals38. Within a set time period, Drillers make more 5 

movements in Z than in XY compared to Scanners, resulting in smaller change in XY/Z scores 6 

than Scanners (Figure 5c). Another promising approach is to classify Scanners and Drillers 7 

based on the number of direction changes that occur during each case51. However, this 8 

measure requires a fixed time limit for each CT scan, so we were not able to use this 9 

categorization method for the current dataset.  10 

Both EMI and change in XY/Z scores have been used in previous research, but there is 11 

no consensus on which best captures the qualitative differences in search strategy observed in 12 

depth by time plots. Although there is some overlap in these measures, an observer can still 13 

score relatively high on one and relatively low on the other, suggesting they tap into distinct 14 

aspects of search behavior (Figure 5)36,38. Furthermore, it is unclear if search strategy is 15 

dichotomous (e.g., Scanners vs. Drillers), or whether it is more appropriate to consider 16 

continuous changes in these measures (e.g., more Drilling vs. less Drilling behavior). Here, we 17 

used the eye movement index and change in XY/Z scores as continuous predictors for each of 18 

the dependent variables using linear regression. In addition, we also divided radiologists into 19 

groups based on quartile rankings and compared these results to the subjective categorization 20 

method described above. The subjective categorization method and the change in XY/Z score 21 

regression analyses were pre-registered (https://osf.io/aqkbd), but the eye movement index and 22 

quartiles analyses were exploratory. 23 
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Figure 5. Different methods of categorizing Scanners and Drillers.  

A) Depth by Time plots. B) Eye Movement Index = normalized saccadic amplitude + normalized 
number of fixation clusters per second. C) Change in XY/Z = summed scan path 

distance/change in Z averaged over five second intervals. The color coding in panels B and C 
reflects the groups determined using the subjective categorization method described in panel A. 

Dashed lines represent the dividing point for the lower and upper quartiles. 
 

  1 
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Subjective Categorization Method 1 

Using the subjective categorization method (Figure 5a), 30% of radiologists were 2 

categorized as Scanners and 70% were categorized as Drillers. We first present the results 3 

using this separation and then examine the degree to which the different objective methods of 4 

quantifying search strategy impact the results. 5 

Controlling for experience using multiple linear regression, Drillers (M = 65%, SD = 14%) 6 

detected more of the lung nodules than Scanners (M = 44%, SD = 20%), F(1, 45) = 16.41, p < 7 

.001, BF10 = 129.67 (Figure 6a). Drillers (M = 4.1, SD = 2.4) also made more false alarms per 8 

case than Scanners (M = 1.7, SD = 1.4), F(1, 45) = 12.28, p = .001, BF10 = 35.50, but it is 9 

possible that some true nodules may be unmarked in the LIDC database (see also Drew et al., 10 

2013) so we do not want to over-emphasize false alarms. Scanners (M = 48%, SD = 20%) 11 

made significantly more search errors than Drillers (M = 35%, SD = 15%), t(48) = 2.67, p = .01, 12 

BF10 = 4.67, whereas Drillers (M = 54%, SD = 12%) made significantly more recognition errors 13 

than Scanners (M = 43%, SD = 17%), t(48) = 2.73, p = .009, BF10 = 5.28. There were no 14 

significant differences between Scanners (M = 8%, SD = 7%) and Drillers (M = 11%, SD = 8%) 15 

on decision errors, t(48) = .83, p = .41, BF10 = .37.  16 

These large differences in hit rate between the search strategies were not associated 17 

with differences in years of experience, t(48) = 1.16, p = .25, BF10 = .49, nor the number of chest 18 

CTs read per week, t(48) = .14, p = .89, BF10 = .29 (Figure 6a). What did seem to drive the 19 

improved hit rate was that Drillers spent more time evaluating each case, t(48) = 3.23, p = .002, 20 

BF10 = 15.71, searched the images more thoroughly, t(48) = 4.29, p < .001, BF10 = 252.04, and 21 

made more passes through depth, t(48) = 2.23, p = .03, BF10 = 2.06, than Scanners. 22 

Using the subjective categorization, we then examined the eye movement index and 23 

change in XY/Z scores for the two groups. On average, Scanners (M = .68, SD = .19) had a 24 

larger eye movement index than Drillers (M = .30, SD = .15), t(48) = 7.55, p < .001, BF10 = 25 



25 

 

6.64e+6; and Scanners (M = 118.9, SD = 82.6) had a larger change in XY/Z score than Drillers 1 

(M = 40.1, SD = 35.1), t(48) = 4.77, p < .001, BF10 = 956.03.  2 

We then examined the effect of using quantitative categorizations, repeating the above 3 

analyses using EMI and XY/Z quantitative measures as: 1) continuous predictors of 4 

performance; and 2) to classify radiologists into distinct groups of Scanners and Drillers using 5 

the top and bottom quartiles, respectively.  6 

Eye Movement Index 7 

First, we used the eye movement index (Figure 5b) as a continuous predictor of 8 

performance in a linear regression analysis. Controlling for experience using multiple linear 9 

regression, having a smaller eye movement index (Drilling) was associated with better nodule-10 

detection rates than having a large eye movement index (Scanning), F(1, 45) = 6.85, p = .01, R2 11 

= .17, BF10 = 5.54 (Figure 7a; Table 2). Next, we sought to determine whether these measures 12 

could be used to establish an objective classification system by dividing radiologists into 13 

Scanners and Drillers using the top and bottom quartiles, respectively. Using this method, 12/12 14 

radiologists in the bottom quartile matched our subjective ‘Drilling’ classification, and 11/12 15 

radiologists in the top quartile matched our ‘Scanning’ classification (Figure 5b). If we then look 16 

at the performance of these two quartile groups on the nodule detection, the Drillers (bottom 17 

quartile) detected 70% (SD = 10%) of the nodules, on average, whereas the Scanners (top 18 

quartile) detected only 50% (SD = 20%) of the nodules, t(22) = 3.13, p = .005, BF10 = 8.84 19 

(Figure 6b). The distribution of error type follows the same pattern as the subjectively 20 

categorized results: Scanners (M = 47%, SD = 20%) made significantly more search errors than 21 

Drillers (M = 30%, SD = 12%), t(22) = 2.56, p = .02, BF10 = 3.37, whereas Drillers (M = 57%, SD 22 

= 8%) made significantly more recognition errors than Scanners (M = 44%, SD = 18%), t(22) = 23 

2.26, p = .03, BF10 = 2.16. There were no significant differences between Scanners (M = 14%, 24 

SD = 7%) and Drillers (M = 9%, SD = 8%) on decision errors, t(22) = 1.59, p = .13, BF10 = .92. 25 
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Neither years of experience, F(1, 46) = 3.79, p = .06, BF10 = 1.09 (although note the 1 

insufficient evidence here), nor the number of chest CTs per week, F(1, 46) = 1.02, p = .32, BF10 2 

= .35, predicted the eye movement index, R2 = .29, BF10 = .60 (Figure 7a; Table 1). The bottom 3 

(M = 7, SD = 9) and top (M = 17, SD = 15) quartiles did not significantly differ in years of 4 

experience, t(22) = 1.89, p = .07, BF10 = 1.30 (Figure 6b), but the Bayes Factor indicates that 5 

more evidence is needed to make a strong conclusion. Similarly, the bottom (M = 34, SD = 34) 6 

and top (M = 44, SD = 43) quartiles did not differ in the number of chest CTs read per week, 7 

t(22) = .68, p = .50, BF10 = .44 (Figure 6b).  8 

Using the eye movement index as a continuous measure, we found that Drilling was 9 

associated with longer search times, F(1, 48) = 11.41, p = .002, BF10 = 22.79, greater image 10 

coverage, F(1, 48) = 12.94, p = .001, BF10 = 39.29, and more depth passes, F(1, 48) =  7.42, p 11 

= .009, BF10 = 5.27. As seen in the subjective classification method, the quartile analysis 12 

revealed that Drillers (bottom quartile) spent more time evaluating each case, t(22) = 3.2, p = 13 

.004, BF10 = 9.93, searched the images more thoroughly, t(22) = 3.47, p = .002, BF10 = 16.48, 14 

and made more passes through depth, t(22) = 2.90, p = .008, BF10 = 5.96, than Scanners (top 15 

quartile; Figure 8a). 16 

Change in XY/Z Score 17 

Next, we used the change in XY/Z scores as our key variable (Figure 5c; Aizenman et 18 

al., 2017). Controlling for experience using multiple linear regression, change in XY/Z scores did 19 

not significantly predict nodule detection rate, F(1, 45) = .09, p = .77, R2 = .04, BF10 = .47 20 

(Figure 7b; Table 2). Using the quartile method, 12/12 radiologists in the bottom quartile 21 

matched our subjective ‘Drilling’ classification, and 9/12 radiologists in the top quartile matched 22 

our ‘Scanning’ classification (Figure 5c). Drillers detected 65% (SD = 13%) of the nodules, 23 

whereas Scanners detected 56% (SD = 20%) of the nodules. These differences were not 24 

statistically significant, t(22) = 1.39, p = .18, BF10 = .74 (Figure 6c), but the Bayes Factors 25 

indicate there is insufficient evidence to interpret these null findings. For the change in XY/Z 26 
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score, there were no significant differences in the type of miss errors between Scanners and 1 

Drillers, all p-values > .05.  2 

Radiologists with a larger change in XY/Z score (Scanners) tended to have more years 3 

of experience, F(1, 46) = 6.4, p = .02, BF10 = 2.42, but there was no relationship between 4 

change in XY/Z score and the number of chest CTs read per week, F(1, 46) = 2.20, p = .15, 5 

BF10 = .46; R2 = .14, BF10 = 2.04 (Figure 7b; Table 1). Drillers (M = 7, SD = 9) had fewer years 6 

of experience than Scanners (M = 21, SD = 14), t(22) = 2.79, p = .01, BF10 = 4.95, but the 7 

bottom (M = 48, SD = 58) and top (M = 49, SD = 47) quartiles did not differ in the number of 8 

chest CTs read per week, t(22) = .06, p = .95, BF10 = .37 (Figure 6c).  9 

Using change in XY/Z scores as a continuous measure, Drilling was associated with 10 

greater image coverage, F(1, 48) = 6.52, p = .01, BF10 = 3.74, and more depth passes, F(1, 48) 11 

= 10.10, p = .003, BF10 = 14.18, but was not significantly related to search time, F(1, 48) = 1.67, 12 

p = .20, BF10 = .56. Similarly, in the quartile analysis, Drillers had longer search times, t(22) = 13 

2.11, p = .046, BF10 = 1.74, greater image coverage, t(22) = 2.49, p = .02, BF10 = 3.05, and 14 

more depth passes, t(22) = 3.87, p < .001, BF10 = 35.24, than Scanners (Figure 8b).  15 

 



28 

 

 

Figure 6. The relationship between search strategy, experience, and task performance using 
different methods of classifying search strategy. A) Subjective categorization using depth by 
time plots. B) Categorization using the eye movement index by quartiles. C) Categorization 
using the change in XY/Z scores by quartiles. The solid line indicates the mean value, dots 
represent the individual data points, and error bars represent standard error of the mean. 
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Figure 7. The relationship between search strategy, experience, and task performance using 

different methods of classifying search strategy. A) Eye movement index. Lower scores reflect 
more drilling behavior. B) Change in XY/Z scores. Lower scores indicate more drilling behavior.  
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Figure 8. Scanner and Driller search behavior 

A) Eye movement index. Lower scores reflect greater drilling behavior. B) Change in XY/Z 
score. Lower scores reflect greater drilling behavior. 

 

Results Summary 1 

Across the three methods of classifying search behavior, our results largely replicate 2 

previous findings that Drilling is a superior strategy for lung nodule detection than Scanning 3 

when controlling for the effects of experience. Both the subjective categorization method and 4 

the eye movement index revealed greater nodule detection for Drilling than Scanning. The 5 

change in XY/Z score did not significantly predict performance, however, the Bayes Factors 6 

indicate these analyses are not interpretable with this sample size. Critically, this study expands 7 

on previous research by examining whether differences in experience-level between the two 8 

groups can account for differences in performance. On average, Drillers tended to have less 9 

experience than Scanners (Figure 7b), which is inconsistent with the idea that radiologists learn 10 

to adopt better search strategies with experience. However, this data should not be interpreted 11 

as evidence that more experienced observers are worse at the task overall. We do not see any 12 

evidence for a negative relationship between experience and detection-rate in our dataset 13 
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(Figure 1a), and there are many additional factors that may explain variation in task 1 

performance beyond search strategy. Rather, these results demonstrate that Drilling behavior 2 

predicts better performance above and beyond the effects of experience. Drillers may have 3 

performed better on the task because they engaged in a more systematic search of the images: 4 

Regardless of how we classified the radiologists, Drilling was associated with greater image 5 

coverage, making more passes through depth, and spending more time on each case.  6 

 7 

Discussion 8 
In this study, we examined how naturalistic search behavior differed across radiologists 9 

with varying levels of experience during lung cancer detection with volumetric images. This 10 

research makes two primary contributions to the literature. First, contrary to predictions based 11 

on findings from studies using 2D medical images, we did not find evidence in support of global 12 

processing-related changes in search behavior with experience – and, importantly, we 13 

demonstrate evidence for the null by using Bayes analyses. Null results were consistent across 14 

a number of measures that have been closely associated with expertise in 2D medical image 15 

interpretation (search time, image coverage, saccadic amplitude, and time to first fixation) as 16 

well as novel measures of scrolling behavior (depth passes and scrolling speed) that have been 17 

proposed as potential indices of expertise in volumetric image interpretation31,33. Second, we 18 

identified several strong predictors of individual differences in task performance for lung cancer 19 

detection. Although experts tend to have better performance than novices in 2D interpretation 20 

tasks despite lower image coverage, we found that performance in our volumetric task was 21 

closely related to how many opportunities there were for abnormality detection. Specifically, 22 

better performance was predicted by spending more time on each case, searching the images 23 

more thoroughly, and making more passes through the depth of the CT scan. Observers who 24 

adopted a Drilling search strategy detected more of the lung cancer nodules than Scanners, 25 

which may be due to differences in how systematically the images were searched. Critically, 26 
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these performance differences do not appear to be driven by differences in experience level: 1 

Drilling remained a significant predictor of performance when controlling for differences in 2 

experience, and there was limited evidence that Drillers actually had fewer years of experience 3 

than Scanners. Together, these findings have important implications for current models of 4 

perceptual expertise and may provide insight on how to train radiologists to evaluate volumetric 5 

images.  6 

Although this research suggests a smaller role for global processing in volumetric image 7 

interpretation than in 2D images, these results need to be reconciled with recent reports that 8 

radiologists can reliably classify volumetric images as normal or abnormal after brief video 9 

presentations29,30. The current study used lung cancer detection rather than the breast cancer 10 

and prostate cancer detection tasks used in previous studies, suggesting differences in stimulus 11 

characteristics (e.g., abnormality size) might account for the different findings. In addition, the 12 

type of signal that supports abnormality detection in gist processing studies could be quite 13 

different in volumetric images, where a global ‘snapshot’ of the image is not present. Instead, 14 

the abrupt motion onset cues elicited by abnormalities in the periphery as the videos transition 15 

through depth might be the key driver for performance, rather than sensitivity to global scene 16 

statistics per se. In future research, it may be fruitful to determine how different abnormality 17 

characteristics, such as their ability to elicit motion onset cues, relate to performance in gist 18 

processing studies. In previous flash-viewing studies, radiologists were able to detect cancerous 19 

‘signals’ in the breast opposite to the lesion, as well as images taken years before the 20 

development of a detectable mass52,53. If the presence of a mass is also unnecessary for gist 21 

processing in volumetric images, it would suggest that the outcome of previous gist processing 22 

studies did not depend solely on motion onset cues that may have been generated by the 23 

abnormalities when the videos transitioned through depth.  24 

A clearly plausible explanation for global processing playing a smaller role in volumetric 25 

rather than 2D image interpretation is that the global statistical properties of the image cannot 26 
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be extracted in a single glance and must instead be acquired as the observer scrolls through the 1 

depth of the stack. If the gist of the image is not readily available, it might then become more 2 

important to rely on a more systematic, foveal search through the image, which is a 3 

characteristic of Drilling behavior. Consistent with this interpretation, many of our current results 4 

show the opposite relationship between scan patterns and task performance than would be 5 

expected under global processing models. Specifically, nodule detection rate was strongly 6 

predicted by how thoroughly the images were searched, suggesting less information can be 7 

extracted from the periphery during volumetric image interpretation. Notably, this is consistent 8 

with recent work demonstrating that UFOV is lower for lung cancer detection in volumetric 9 

medical images than UFOV estimates established for the same task using chest radiographs46.  10 

Searching medical images more thoroughly might be particularly important in volumetric 11 

images due to their large size (when taking depth into account). Because volumetric images 12 

consist of hundreds of stacked 2D images26,28, abnormalities represent a smaller fraction of the 13 

total image size and are only visible for a brief period of the overall search time46. In addition, 14 

image coverage tends to be much lower in volumetric medical images than in 2D medical 15 

images, and recent work suggests using volumetric images may not be beneficial if 16 

abnormalities cannot be readily detected using peripheral vision38,47,48. Image size is a 17 

particularly important consideration in light of findings from the visual search literature that 18 

demonstrate that memory for where you have already searched is very limited. At best, 19 

observers are able to remember their most recent 3-4 fixations or have a rough representation 20 

of their general scan path54–57. At worst, observers are no better than chance at distinguishing 21 

their own scan patterns from someone else’s following a visual search task58–60. Finally, memory 22 

appears to be impaired following brief interruptions in volumetric image interpretation tasks50,61, 23 

suggesting memory representations might be easily disrupted in stacked images. Thus, 24 

previous findings suggest it might be particularly difficult to maintain a reliable representation of 25 

which regions of the image have already been searched in volumetric images, and the current 26 
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work suggests that optimally deciding when to terminate search may be a strong predictor of 1 

individual differences in performance.  2 

Although this discussion highlights the potential costs of searching through stacked 3 

images, this should not be considered criticism of using volumetric images in radiology. 4 

Volumetric medical images are associated with better overall diagnostic accuracy across a wide 5 

range of clinical tasks and allow radiologists to more easily envision the underlying 3D nature of 6 

anatomical structures and abnormalities37,38,47,62,63. The current results demonstrate there may 7 

be an optimal strategy for evaluating volumetric medical images in clinical practice. In previous 8 

research, rapidly ‘Drilling’ through the slices appeared to be a better strategy for lung nodule 9 

detection than ‘Scanning’ the 2D plane while slowly moving through depth in a time limited study 10 

(3 minutes per case)36. Here, we replicated these findings while allowing observers an unlimited 11 

amount of time to evaluate each case, demonstrating that it is not simply that Scanning is a less 12 

efficient method, but that it actually does lead to more miss errors. Most importantly, our findings 13 

demonstrate these effects were not driven by differences in level of experience: Scanners and 14 

Drillers had a similar number of years of experience and chest CTs evaluated per week. 15 

Moreover, Drilling behavior remained a significant predictor of task performance when 16 

controlling for observer experience. Thus, it may be beneficial for radiologists to adopt a Drilling 17 

strategy when evaluating chest CT images for lung nodules.  18 

Although the benefits of Drilling may be due to the ability to elicit abrupt motion onset 19 

cues when rapidly scrolling through depth37, there are other potential explanations for the 20 

observed differences in performance. For example, using this dataset alone, we cannot rule out 21 

that the Drillers in our study might have been more conscientious or motivated than Scanners, 22 

on average, resulting in both better performance and a more thorough search of the images. 23 

However, previous research found that teaching radiology residents to use a Drilling strategy 24 

improved task performance, which suggests the benefits of Drilling cannot solely be a result of 25 

group-level differences between observers64. Alternatively, Drilling might be a more effective 26 
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strategy because it reflects a more systematic approach to searching through volumetric 1 

images. Drillers tend to search through one lobe or quadrant of the lung before moving on to a 2 

next one, which appears to result in a more thorough search of the image. In contrast, 3 

Scanners’ search patterns appear to have little organizational structure when the z-dimension is 4 

collapsed36. Given the large size of image stacks relative to a single 2D image, engaging in any 5 

systematic search strategy that reduces memory-load and improves image coverage might lead 6 

to better performance. In support of this proposal, making smaller eye movements on the 2D 7 

plane and searching in one quadrant of the lung at a time (i.e., saccadic amplitude and eye 8 

movement index) predicted better task performance, whereas measures of the rate of 9 

movement through depth (i.e., scrolling speed, change in XY/Z) did not. Although caution is 10 

warranted when interpreting null results with inconclusive Bayes Factors (e.g., change in XY/Z), 11 

this pattern of results would be unexpected if Drilling was a better strategy primarily because of 12 

abrupt motion onset cues.  13 

This study has a number of limitations. First, although this study had a larger sample 14 

size than similar studies in the medical image perception literature (on average: 7.73 experts, 15 

5.60 intermediates, and 8.36 novices per study10), the sample size was still smaller than ideal 16 

for an individual differences study due to the inherent difficulty of collecting large samples of 17 

expert radiologists. To address this concern, Bayes Factors have been included for each 18 

analysis to help distinguish between results with sufficient power and those that will require 19 

more evidence. Many of these analyses reached the threshold for ‘sufficient’ evidence in favor 20 

of either the null or alternative hypothesis43 (Tables 1-2). However, some of the critical analyses 21 

(e.g., the relationship between experience and saccadic amplitude), will require follow-up 22 

studies with larger sample sizes to make a strong conclusion. At minimum, given the relatively 23 

large sample size of this study, these results suggest experience-related changes in search 24 

behavior are likely much smaller in volumetric images than the effects observed in previous 25 

studies with 2D medical images. In addition, the “ground truth” for abnormality presence or 26 
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absence is difficult to establish when using real medical images. Although the LIDC database 1 

includes every nodule that was marked by at least one of the expert observers rather than 2 

expert consensus, it is still possible that some of the less conspicuous nodules were missed by 3 

all of the expert observers65. In future research, it may be fruitful to replicate these findings using 4 

simulated nodules or to use a method of analysis that does not require an independent 5 

assessment of ground truth66,67. Finally, in future studies, it may be beneficial to investigate 6 

expert search behavior in a more clinically-valid context. For example, this study had a relatively 7 

high abnormality prevalence rate, which may have increased observer fatigue or shifted the 8 

observers’ decision criterion for marking an abnormality.  9 

This study largely replicated previous findings that Drilling is a better strategy for lung 10 

nodule detection than Scanning when controlling for the effects of experience36. However, there 11 

are significant challenges in how to classify radiologists as Scanners or Drillers. In this study, 12 

like others in the literature, we initially divided the radiologists into groups by analyzing their 13 

depth by time plots and subjectively categorizing them based on the scan patterns (Figure 14 

5a)36,39. There are clear and significant limitations to using a subjective approach for 15 

categorizing search strategy, but there is currently no consensus on how to best capture search 16 

strategy using quantitative metrics. In the original Scanner/Driller study, the subjective 17 

categorization method closely matched each observer’s eye movement index30, see also 33. Here, 18 

using quartiles to objectively divide radiologists into groups based on this metric also closely 19 

(but imperfectly) matched the subjective groups (Figure 5b) and independently predicted task 20 

performance as both a dichotomous (quartile analysis; Figure 6b) and continuous (regression 21 

analysis; Figure 7a) variable. Change in XY/Z score also roughly matched the subjective 22 

categorization of search strategy but did not match the groups as well as the eye movement 23 

index (Figure 5c)38. Unlike the eye movement index, change in XY/Z did not independently 24 

predict performance in this task (Figures 6c & 7b), suggesting these metrics may reflect different 25 

aspects of search behavior. This study is the first to compare all three methods of characterizing 26 
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‘Drilling’ behavior in relation to task performance, and these results suggest the eye movement 1 

index might be a suitable alternative to subjective categorization methods. In addition, future 2 

studies might use a data-driven approach (e.g., principal components analysis) or instruct 3 

observers to use a particular search strategy to determine which eye tracking metrics are able 4 

to best classify the groups. In addition, it was previously unclear if it is more appropriate to use 5 

quantitative measures to separate radiologists into distinct categories (i.e., the quartile analysis) 6 

or as continuous predictors of search behavior (i.e., the regression analysis). Here, the quartile 7 

analysis and the regression analysis showed the same pattern of results, suggesting it may be 8 

unnecessary to divide radiologists into distinct groups. Finally, we still need to establish the 9 

reliability of search strategy within an observer and between tasks to determine whether search 10 

strategy is internal to a radiologist or unique to specific task circumstances.  11 

The current findings suggest that global processing plays a lesser role in volumetric 12 

image interpretation than in 2D analogous tasks, but alternative accounts for these results 13 

should be considered. Here, we quantified experience in terms of both the overall number of 14 

years spent practicing radiology (i.e., years of experience) and the degree of routine experience 15 

with the task (i.e., chest CTs per week). However, the number of chest CTs read per week did 16 

not relate to any of our key variables, and it is unclear whether self-reported estimates of task 17 

experience are reliable. Critically, however, none of our results substantively differ if only years 18 

of experience is included in the regression models. In addition, the eye tracking and behavioral 19 

measures associated with global processing ability in 2D medical image interpretation may not 20 

tap into the same cognitive process in volumetric image interpretation. For example, saccadic 21 

amplitude is highly confounded with search strategy. By definition, Scanners have a larger 22 

saccadic amplitude than Drillers because they engage in larger, sweeping eye movements 23 

across the 2D plane. Similarly, it is unclear how to best classify miss errors in volumetric 24 

images. Although we categorized search errors in volumetric medical images in the same way 25 

as previous studies using 2D images, it is debatable whether the 1000ms threshold used for 26 



38 

 

distinguishing between recognition and decision errors in 2D images is appropriate for 1 

volumetric data. Prolonged nodule fixations might be less common for dynamic stimuli than 2D 2 

images, which could artificially inflate the number of recognition errors in volumetric images. In 3 

future research, it would be beneficial to use a data-driven approach with a larger stimulus set in 4 

order to identify an appropriate threshold68. Finally, it is unclear how to best address the 5 

inherent differences in the time to first fixation measure between 2D and volumetric images. In 6 

volumetric images, radiologists have multiple opportunities to detect an abnormality when 7 

scrolling back and forth through depth. As a result, we calculated time to first fixation relative to 8 

the moment the abnormality becomes visible during the instance it was detected. Here, to avoid 9 

some of these concerns, we focused on a set of metrics that would reflect global processing 10 

ability rather than focusing heavily on the results of any single metric. Because enhanced global 11 

processing ability results in a wider UFOV, one would predict that a global search strategy 12 

would be associated with shorter search times, reduced time to first fixation, and smaller image 13 

coverage regardless of whether the images are 2D or volumetric. Across each of these 14 

measures, we did not find evidence that any of these global processing measures differed with 15 

experience in this task. However, as the global properties of volumetric medical images are not 16 

yet well-defined, there is ample opportunity for additional research in this area. 17 

This research may ultimately provide insight on how radiology residents should be 18 

trained to search through volumetric medical images. In 2D interpretation tasks, translating 19 

expertise-related changes in search behavior into training techniques has proven to be quite 20 

difficult. Because experts’ enhanced perceptual abilities are closely linked to repeated exposure 21 

to medical images69–71, efforts to train novices to adopt the search patterns of experts have been 22 

largely unsuccessful at improving diagnostic accuracy, and there are currently no known 23 

‘shortcuts’ to enhanced global processing ability in radiology72–75. Here, we did not find 24 

experience-related differences in search behavior that might reflect a more global search 25 

strategy. Instead, we found that individual differences in task performance were closely related 26 
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to whether the observer Drilled through the image slices and searched the images thoroughly. 1 

These results are intriguing because they suggest that instructing radiologists to engage in 2 

these search behaviors during training could translate to better diagnostic accuracy in clinical 3 

practice64.  4 

Conclusion 5 

Although research dating back to the early 1970s has demonstrated that experience 6 

improves global processing ability, this study is the first to test this prediction in a volumetric 7 

image interpretation task while allowing radiologists to freely scroll through the image slices. 8 

Across a wide range of measures that have been associated with experience in previous 9 

research, we found evidence that experience was not predictive of performance when searching 10 

volumetric medical images. These findings suggest the ability to extract the global statistical 11 

properties of an image might be more difficult in image stacks. Rather than individual 12 

differences in global processing ability, diagnostic performance was closely related to whether 13 

radiologists engaged in ‘Drilling’ versus ‘Scanning’, with Drilling being a more thorough, 14 

systematic search of the image that resulted in better detection. In future research, it may be 15 

fruitful to focus on whether instructing radiologists to use a Drilling strategy improves image 16 

coverage and task performance. Overall, these findings demonstrate that existing models of 17 

perceptual expertise in radiology do not fully account for search behavior in volumetric images, 18 

and addressing this gap in the literature is a promising avenue for future research.19 
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