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Diagnostic radiologists are experts in discriminating and classify-
ing medical images for clinically significant anomalies. Does their
perceptual expertise confer an advantage in unfamiliar visual
tasks? Here, this issue was investigated by comparing the perfor-
mance of 10 radiologists and 2 groups of novices on the ability
to detect novel visual signals: band-limited textures in noise.
Observers performed a yes/no detection task in which texture
spatial frequency and external noise levels were varied. The task
was performed on two consecutive days. Contrast thresholds and
response bias were measured. Contrast thresholds of radiologists
were superior to the control groups in all stimulus conditions on
both days. Performance improved by an equivalent amount for
all groups across days. Response bias differed consistently across
stimulus conditions and days but not across groups. The differ-
ence in thresholds between the radiologists and control groups
suggests that experience in diagnostic medical imaging produces
perceptual skills that that transfer beyond the trained domain.
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For the special object class of medical images, radiologists
show characteristics of perceptual expertise found in other
instances of highly practiced object recognition. Expert radiolo-
gists can classify medical images containing an anomaly within
a fifth of a second (1-3). Radiologists make fewer and more
focused eye movements than novices (4-6), localize anomalous
features soon after viewing the image (5, 7), and produce fewer
false positives than novices (8, 9). These perceptual feats, as in
other types of naturally or professionally acquired visual exper-
tise, have been demonstrated primarily with stimuli from the
trained domain (e.g., actual or simulated X-rays or mammo-
grams) (6, 8-11). Does the specialized perceptual experience
acquired in diagnostic radiology alter how novel objects are
encoded or the strategies used to detect, discriminate, or classify
novel signals? Here, this question was addressed by comparing
radiologists and nonradiologist control groups on the ability to
detect unfamiliar visual signals in noise.

On the one hand, the typically domain-specific perceptual
advantages of visual expertise should be absent for unfamil-
iar objects or for unpracticed tasks (12, 13). Visual experts
show behavioral and neural markers of expertise only for the
privileged object (birds, fingerprints) and not for objects with
different spatial characteristics or configurations (13-16). Fur-
thermore, the improvements in perceptual judgments produced
with practice in laboratory-based studies of perceptual learning
often are stimulus- and task-specific (17-21). From this per-
spective, radiologists should fare no better than novices on an
unfamiliar perceptual task.

On the other hand, so-called task-irrelevant expertise emerges
in conditions where stimulus or task dimensions are shared
between training and transfer contexts (22). Generalized bene-
fits of particular visual skills also have been shown when there
is little in common between the trained and untrained skill,
for instance, in contrast sensitivity of action videogame play-
ers (23). Additionally, under more permissive practice regimes,
perceptual learning does transfer to unpracticed stimuli, tasks,
and skills (20, 24-27). Therefore, the combination of visual
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skills acquired in medical image diagnosis may benefit certain
untrained perceptual judgments.

In the experiment reported here, 10 radiologists with varying
degrees of experience (Table 1) and 2 groups of novice con-
trols detected unfamiliar signals in noise on 2 consecutive days.
Control group 1 comprised a younger group of 36 individuals
(primarily undergraduate students) aged between 18 and 28 y.
Control group 2 comprised an older group of 10 profession-
als (nonradiologists) whose mean age and years of education
were commensurate with the expert group. The signals were
band-limited textures (Fig. 1) drawn from three spatial frequency
bands, shown in two noise levels. All subjects performed the task
in the six stimulus conditions.

Results

Performance. Fig. 2 shows performance of the three groups in
the six conditions on both days. The top and middle rows
show d’ plotted against contrast for each group in each stim-
ulus condition, averaged over subjects. The bottom row shows
contrast thresholds corresponding to a d’ of 1 obtained from
linear fits of d’ to log contrast variance. Radiologists’ thresh-
olds (shown in red) were lower than both control groups (black)
on both days. Contrast thresholds were analyzed with a linear
mixed-effects model in which subject was treated as a random
factor, and group, spatial frequency, noise, and day were treated
as fixed factors. The model included all interactions between
fixed factors and first- and second-order interactions of within-
subject factors spatial frequency, noise and day with subject. This
formulation is equivalent to a mixed-factorial ANOVA (or a
split-plot ANOVA) but uses all available data when the data are

Significance

Radiologists have years of experience in inspecting medical
images for anomalies and thus are visual experts with the
particular object class of medical images. Do the perceptual
skills acquired in medical imaging benefit perception outside
the trained domain? Here, radiologists and novice controls
were compared on the ability to perform a visual detection
task that was unfamiliar to all subjects. Subjects detected
patterns in noise that were unlike medical images to which
radiologists are routinely exposed. Radiologists were superior
to the control groups in all stimulus conditions and main-
tained their advantage after both groups improved on the
task. These results suggest that the perceptual skills devel-
oped in diagnostic radiology generalize to certain unfamiliar
visual judgments.
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unbalanced and makes fewer assumptions (see Materials and
Methods for further details). There was a significant main effect
of group [F(2, 52.98) = 4.54; P = 0.015], with thresholds of the
expert group lower than both control groups by a quarter to a
third of a log unit (mean threshold for control 1: 8.31e~° [95%
CI: 6.76e~° to 0.00010]; mean threshold for control 2: 9.77¢™5
[95% CI: 6.6e° to 0.00014]; mean threshold for radiologists:
4.57¢7° [95% CI: 3.097° to 6.76e°]). This result confirmed
an effect of expertise on thresholds. There was a significant
main effect of day [F(1, 52.92) = 16.52; P = 0.00016], indicat-
ing that thresholds improved across days (mean improvement:
0.2 log units; day 1 mean threshold: 8.91e~° [95% CI: 7.24¢~°
to 0.00011]; day 2 mean threshold: 5.75¢ ™5 [95% CI: 4.67¢° to
7.24e75)). The effect of day was qualified by a significant day x
noise interaction [F(2, 52.11) = 5.1; P = 0.019], consistent with
the pattern in Fig. 2 showing greater improvement in high noise
than in low noise at all spatial frequencies. A follow-up analy-
sis on the effect of noise on the difference of log-transformed
thresholds between days confirmed that thresholds improved
more in high noise (mean improvement: 0.27 log units [95% CI:
—0.38 to —0.16 log units]) than in low noise (mean improvement:
0.13 log units [95% CI: —0.21 to —0.06 log units]).

In addition to the effects of group and day, there was a sig-
nificant main effect of spatial frequency [F(2, 105.418) = 47.88;
P < 0.0001], a significant main effect of noise [F(2, 52.273) =
927.25; P < 0.0001], and a significant spatial frequency x noise
interaction [F(2, 103.80) = 13.21; P < 0.0001]. The effect of
spatial frequency, as expected, arose from the high spatial fre-
quency condition at which higher contrasts were used (low spatial
frequency [sf] mean threshold: 5.01e™® [95% CI: 3.89¢™° to
6.30¢™°]; medium sf mean threshold: 5.12¢7° [95% CI: 4.07¢ ™"
to 6.60e~"]; high sf mean threshold: 0.0001 [95% CI: 0.00011
to 0.00018]). The main effect of noise, also expected, was due
to higher thresholds in high noise than in low noise (low noise
mean threshold: 2.18¢7° [95% CI: 1.77¢™° to 2.69¢~°]; high
noise mean threshold: 2.3¢™* [95% CI: 0.00019 to 0.00028]).
The spatial frequency x noise interaction suggested that the dif-
ference between noise levels varied with spatial frequency. A
follow-up pairwise comparison across spatial frequencies (low vs.
medium, medium vs. high, low vs. high) of the difference of log-
transformed low and high noise thresholds showed that the effect
of noise was greater for high spatial frequencies (mean differ-
ence: 1.22 log units [95% CI: 1.02 to 1.37 log units]) than for low
spatial frequencies (mean difference: 0.83 log units [95% CI: 0.69
to 0.97 log units]). In other words, the slope of threshold against
noise was steeper for high spatial frequencies than for low spatial
frequencies. The effect of group did not interact significantly with
any variables, and none of the other interactions was significant
(F < 3; P>0.05).

Table 1. Radiologist subject information

Experience, Modality = Modality
ID Agey Sex Rank y | 1l
500 45 F Attending 16 MRI cT
501 28 M  Resident Y5 4 cT X-ray
502 30 M Fellow Y6 5 cT Ultrasound
503 29 M  Resident Y4 3 X-ray cT
504 29 F  Resident Y4 3 cT MRI
505 37 F Attending 13 X-ray Ultrasound
506 31 M  Resident Y3 2.5 cT X-ray
507 35 F  Attending 7 cT PET
508 30 M  Resident Y3 2 X-ray cT
509 36 M  Attending 10 cT PET

agnetic resonance

Fig. 1. Texture stimuli. Each texture was created by applying an isotropic
band-pass (2 to 4, 4 to 8, and 8 to 16 cycles per image) ideal spatial frequency
filter to Gaussian white noise.

Overall, these results show that radiologists’ thresholds were
lower than both control groups on both days and that thresholds
improved significantly for all groups across days.

Response Bias. Fig. 3 shows the criterion, ¢, across days 1 and
2 for all stimulus conditions and groups. ¢ was calculated as
c-global, which accounts for the ensemble of signal contrasts
used in each spatial frequency and noise condition (see Materials
and Methods and refs. 28 and 29 for details).

Ten of 670 observations were removed from the data as
extreme values (+3 SDs from the mean). A linear mixed-effects
model with group, day, spatial frequency, and noise as fixed fac-
tors and subject as a random factor showed significant main
effects of day [F(1, 54.56) = 16.88; P < 0.001], spatial frequency
[F(2,108.76) = 8.99; P < 0.001], and noise [F(1, 53.86) = 57.72;
P < 0.0001]. The significant main effect of day reflected a pos-
itive criterion shift from day 1 to day 2, i.e., subjects become
more conservative with practice (day 1 mean: —0.20 [95% CI:
—0.26 to —0.14]; day 2 mean: —0.09 [95% CI: —0.14 to —0.03]).
The significant main effect of spatial frequency arose because
the criterion was more negative (more liberal) for high spatial
frequencies than for low and medium spatial frequencies (low sf
mean: —0.09 [95% CI: —0.15 to —0.02]; medium sf mean: —0.12
[95% CI: —0.19 to —0.06]; high sf mean: —0.21 [95% CIL: —0.27
to —0.15]). The significant main effect of noise arose because the
criterion was more negative in high noise than in low noise (low-
noise mean: —0.01 [95% CI: —0.08 to 0.04]; high noise mean:
—0.27 [95% CI: —0.34 to —0.20]). The main effect of group was
not significant, and none of the interaction effects was significant
(F < 3; P >0.10).

Opverall, these results indicate that subjects became more con-
servative with practice and that the criterion varied consistently
for all groups across spatial frequencies and noise levels. Sub-
jects were more liberal in high noise than in low noise and more
liberal for high spatial frequencies than for low and medium spa-
tial frequencies. The criterion did not differ significantly among
groups.

Discussion

Radiologists were superior to novices on an unfamiliar visual-
detection task performed by all subjects for the first time.
The task was yes/no detection of textures of varying spa-
tial frequency content in two levels of external noise. The
controls—a younger group of undergraduate students and an
older group of professional individuals—performed similarly on
the task. Radiologists’ thresholds were lower than both control
groups, suggesting a specific effect of previous visual experi-
ence and not a general attentional or motivational advantage.
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Fig. 2. Performance of radiologists and controls on the texture detection task in each spatial frequency condition and noise level. Top and middle rows
show d’ plotted against rms contrast on day 1 and day 2. Radiologists are shown in red (N = 10), and the control groups are shown in black (control 1:
N = 36; control 2: N = 10). The bottom row shows contrast thresholds plotted against external noise on days 1 and 2 for the two groups (N varies across
condition; see Table 3 for details). Symbols show the mean in each condition; error bars show SEM.

All groups improved across days by an equivalent amount, con-
firming that the sensory skills required for the task could be
acquired and were not self-selected among the experts. The
stimuli and task used here were not derived from medical
images or from training procedures used in diagnostic radiol-
ogy. Hence, these results provide an instance of a generalized
benefit of the perceptual skills acquired in diagnostic medical
imaging.

No cross-domain advantage was found in previous studies
where radiologists were tested on visual search for nonmedical
targets or on visual memory for scenes (30, 31). Those results
were interpreted as evidence against natural, preexisting dif-
ferences in perceptual skills between radiologists and novices
and evidence for domain-specific perceptual skills acquired in
medical imaging. The radiologists tested here were not selected
for training on the basis of perceptual aptitude, skill, or visual
sensitivity (consistent with practice worldwide, although nor-
mal visual acuity is a criterion in some institutions). There-
fore, it is assumed that all individuals in this study spanned
the range of basic perceptual skill, with the group difference
reflecting the generalization of learned skills acquired in pro-
fessional training. The finding that practice improved perfor-
mance of all groups equivalently on this task further argues
against the possibility that the group difference was due to
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intrinsic differences between participants. Nevertheless, longi-
tudinal studies would be required to definitively address this
question.
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Fig. 3. Response bias of radiologists and controls in the three spatial fre-
quency conditions (low spatial frequency [Left], medium spatial frequency
[Center], and high spatial frequency [Right]) and two noise levels (low noise
and high noise) on days 1 and 2. ¢ was calculated against the ideal crite-
rion for the ensemble of signal contrasts in each spatial frequency and noise
condition (see Materials and Methods for details). Symbols show mean; error
bars show SEM.
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Fig. 4. Time course of performance across days 1 and 2. Proportion cor-
rect (averaged over signal-present and -absent trials) plotted for each group
against trial bins comprising 12 trials each, averaged over stimulus condi-
tions (i.e., each symbol represents 12 x 3 spatial frequency x 2 noise levels:
72 trials per subject). Solid lines show fits of proportion correct to log bin
number. Vertical line separates the 2 d (14 bins per day). Symbols show
mean; error bars show SEM.

The cross-domain effect of expertise shown here may derive
from shared dimensions between the training and transfer con-
texts. Unlike the present task, diagnostic medical imaging involves
the detection of spatially localized objects (e.g., lesions, microcal-
cifications) in structured backgrounds with non-Gaussian statis-
tics. Signal properties and location may be known exactly or
approximately, and observers utilize prior knowledge of the sta-
tistical properties of the background. With some modifications
to the template (or ideal observer), performance in these tasks
nevertheless may be evaluated with the same metrics and is mod-
eled as a similar process (32-37). More work is needed to identify
the parameters governing transfer of expertise beyond the trained
image properties. Although one might have expected the expert
effect to be larger for high spatial frequencies (finer detail), there
was no significant difference in expertise across spatial frequency
conditions. Visual inspection of medical images for anomalies
also hasbeen described as a two-stage process, the first comprising
nonselective, Gestalt-like evaluation of the statistical properties
of the image (or image gist), followed by selective, constrained
search for a target (2). The visual detection task used here approx-
imates the first stage of gist extraction, which may more readily
show effects of expertise in novel contexts than selective processes
such as visual search or visual memory.

Sensitivity to contrast-defined features previously has been
compared between radiologists and novices. Sowden et al.
(10) found that radiologists were more sensitive than novices
in detecting peripherally positioned dots in X-ray images—
ostensibly a familiar visual analysis performed in a novel con-
text. Consistent with the results shown here, their novice group
improved with practice on the task, suggesting that this was
a learned sensory skill that could transfer from prior experi-
ence in the domain. Leong et al. (11) found no difference in
contrast detection thresholds of radiologists and novices for a
noiseless disk-like object located in a mammogram image, pre-
sented for unlimited duration. However, the groups differed on
other performance measures such as search speed, suggesting
that group differences in thresholds may have emerged under
more restrictive viewing conditions (11). Compared with these
previous studies, the task used here shared fewer similarities with
medical images and did not rely on local feature detection. The
textures were briefly presented, difficult to detect, and varied
from trial to trial, preventing subjects from relying on a partic-
ular feature or on contrast differences in a particular location of
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the image. Performance here relied on accessing the global spa-
tial properties of the textures, which radiologists presumably did
more swiftly than controls.

Was the expert advantage present at the very first trial, or did
it emerge later in the session? Fig. 4 shows proportion correct
plotted against trial bins comprising 12 trials per condition on
days 1 and 2. Proportion correct is averaged over signal-present
and -absent trials and over spatial frequency and noise conditions
(i.e., each data point represents 72 trials per subject). The solid
lines show linear fits of proportion correct to the logarithm of the
bin number, which gives a reasonable approximation of the time
course of improvement in perceptual tasks (38, 39). Fig. 4 sug-
gests that all groups performed similarly in bin 1, with the group
difference emerging around bins 2 to 3 and the radiologists main-
taining an advantage as the session progressed. The data show
a drop in performance for all groups between bins 14 and 15
(between the last bin on day 1 and the first bin on day 2), unlike
the continuous improvement typically found when subjects prac-
tice with a fixed set of stimuli (19, 39). The drop between days
here likely arose due to uncertainty from performing multiple
stimulus conditions within the same session (i.e., subjects took a
few trials to adjust to each block). A one-way ANOVA on pro-
portion correct in bin 1 (day 1) confirmed that the groups did not
differ significantly in the first bin [F(2, 667) = 1.096; P = 0.33]. A
linear model of the full time course of learning including log bin
and group as predictors showed a significant effect of group [F(2,
1562) = 57.32; P < 0.0001] and a significant effect of log bin [F(1,
1562) = 211.35; P < 0.0001]. The interaction between group and
log bin was not significant [F(2, 1562) = 0.211; P = 0.81]. Perfor-
mance in the first bin notwithstanding, radiologists’ advantage
emerged early within the first session and was reflected by the
difference in group intercepts (control 1: 0.67; control 2: 0.66;
expert: 0.73), and not slopes (slope = 0.08), as in other instances
of generalized perceptual skill (40).

Practice improved performance of all groups by an equiva-
lent amount, as reflected by the decrease in contrast thresholds
across days (Fig. 2) and by the slopes of performance against bin
(Fig. 4). On day 2, the control groups’ thresholds were equiv-
alent to expert thresholds on day 1. A comparison of day 1
thresholds of the expert group with day 2 thresholds of the
control groups confirmed that the effect of group was not sig-
nificant [F(2, 50.691) = 1.24; P = 0.29]. Therefore, the expertise
effect on this task could be considered the equivalent of about
1,000 practice trials (approximately 170 trials per condition). The
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Fig. 5. Contrast thresholds (variance) of radiologists averaged over stim-
ulus conditions and day plotted against years of professional experience.
Symbols show individual subjects. Solid line shows linear fit of log threshold
to years of experience. Correlation statistics are shown in the plot.
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experts improved as well, however, and Fig. 4 suggests that all
groups would have continued to improve past day 2. Additional
practice would be needed to determine whether practice ulti-
mately eliminates the expertise effect or whether experts and
novices asymptote at different levels regardless of the amount of
practice. Years of professional experience appeared to be asso-
ciated with average thresholds of radiologists (Fig. 5); however,
this association was not statistically significant (see SI Appendix,
Fig. S2 for the association shown separately for each day). The
relationship between years of experience and skill level, if any, is
likely to be moderated by age-related declines in vision.

Did perceptual strategies differ between experts and con-
trols? Cognitive biases relevant to diagnostic radiology have been
described (41, 42), but response bias has not often been com-
pared between experts and novices within the framework of
detection theory. Although, from Fig. 3, it appears that radiolo-
gists were more liberal than controls in certain conditions, there
was no significant difference in criterion between groups. There-
fore, the sensitivity difference between groups was not associated
with a difference in response bias. The criterion varied across
stimulus conditions in the same way for experts as for novices
and moved rightward (became less liberal) with practice for both
groups, consistent with the effects of learning on criterion in
other detection tasks (28, 29, 43). Therefore, both expertise and
practice produced an increase in detection sensitivity, but only
direct practice of the task altered response bias. In this respect,
the cross-domain effects of visual expertise differ from direct
practice or perceptual learning.

The false-positive rate often has been compared between
expert radiologists and novices, with the finding that experts
make fewer false positives (8, 9, 11). Here, radiologists made
significantly more hits but not significantly fewer false alarms
than controls (SI Appendix). Although this result may seem at
odds with previous findings, the previous work compared experts
with novices on tasks within the domain of expertise and not on
unpracticed tasks. Consistent with the idea that the generalized
effects of expertise may differ from the effects of direct, task-
relevant practice, the practice effect on this task was driven by a
change in false alarms across days more so than an increase in
hits (SI Appendix, Fig. S1).

Overall, the results of this study support a generalized advan-
tage of visual expertise arising from professional training in
diagnostic radiology. Here, this advantage was shown for visual
detection in noise, which resembles the perceptual tasks in med-
ical imaging but which nevertheless was novel in stimulus type
and task procedure. The scope of expertise is likely to depend on
the exact perceptual skills trained and the properties of the task
on which generalization is tested. Would expertise in a different
visual domain, such as fingerprint-matching, produce a benefit
for the sort of task used here? Medical imaging and fingerprint-
matching undoubtedly involve distinct, domain-specific skills,
but perhaps common perceptual judgments are honed across
different varieties of visual expertise.

Materials and Methods

This study was approved by the Institutional Review Board of the Ameri-
can University of Beirut (AUB). The procedure was explained to subjects in
advance, and all subjects gave informed consent before participating.

Subjects. The radiologists were attending physicians or interns with a min-
imum of 2 y of training in the Department of Diagnostic Radiology at the
AUB Medical Center. Table 1 gives the age, sex, years of experience, and
primary imaging modalities of the radiologist subjects. The control groups
comprised primarily students (control 1) and faculty members at AUB (con-
trol 2). Table 2 gives the ages of the control groups. The mean age of the
radiologists was 33 y (SD = 5.3 y), control 1 was 20 y (SD = 2.5), and con-
trol group 2 was 35 y (SD = 3.3). Four of 10 radiologists, 19 of 36 subjects
from control 1, and 7 of 10 subjects from control 2 were female. Eight of
10 subjects from control 2 had PhD degrees, and two had Master’s degrees.

Hussain

All subjects had normal or corrected-to-normal visual acuity as measured by
the Early Treatment Diabetic Retinopathy Study (ETDRS) acuity chart. Eleven
radiologists and 53 controls participated in the study. Four control subjects
did not complete the experiment (did not return on day 2). Three controls
and one radiologist misunderstood the instructions or could not perform
the task (i.e., d’ was 0 or less in all stimulus conditions). These subjects were
excluded from the study. Hence, the final group of subjects comprised 10
radiologists, 36 subjects in control 1, and 10 subjects in control 2.

Apparatus and Stimuli. Stimuli were generated on an Intel Skull Canyon NUC
computer using MATLAB Version 9.4 (MathWorks) and the Psychophysics
and Video Toolboxes (44, 45). Stimuli were displayed on cathode-ray tube
monitors (M783P and M783S; Dell) set to a resolution of 1,024 x 768 pixels
and a frame rate of 60 Hz (noninterlaced).

The textures were band-limited noise patterns created by applying an
isotropic band-pass ideal spatial frequency filter to Gaussian noise (1). Three
spatial frequency bands were used (2 to 4, 4 to 8, and 8 to 16 cycles per
image), and five textures were created for each spatial frequency condi-
tion. The textures subtended 4.8 x 4.8 degree of visual angle from the
viewing distance of 114 ¢cm. The stimuli were shown in one of two levels
of static, white, two-dimensional Gaussian noise created by sampling from
distributions with contrast variances of 0.01 and 0.1. During the experiment,
stimulus contrast in each noise condition was varied across trials using the
method of constant stimuli. For the signal-present condition, the stimulus
was shown at one of seven levels of contrast spaced equally on a logarith-
mic scale. For the signal-absent condition (50% of trials), signal contrast was
set to zero. Hence, there were eight contrast levels in all, and 48 different
stimulus conditions (three spatial frequencies x two external noise levels x
eight contrasts).

Procedure. All subjects performed two sessions of the yes/no detection task
at roughly the same time on two consecutive days. Viewing was binocular,
and head position was stabilized with an adjustable chin rest. The stimu-
lus display was the only source of illumination in the room. The experiment
started after a 60-s period, during which the subject adapted to the aver-
age luminance of the display. Each trial began with the presentation of
a black, high-contrast fixation point (0.15 x 0.15 degree of visual angle),
in the center of the screen for 100 ms. This was followed by a randomly
selected texture (from the set of five textures) presented for 200 ms at the
center of the screen in either the signal-absent condition (zero contrast) or
the signal-present condition (one of seven contrasts) at the given noise level.
On signal-absent trials, the stimulus comprised a square patch of Gaussian
noise. After the stimulus disappeared, subjects used a keypress to report
whether the texture was present or absent on that trial. Auditory feedback
indicated whether the response was correct (high-pitched tone) or incor-
rect (low-pitched tone). The next trial began 1 s after the presentation of
feedback.

Spatial frequency conditions were blocked, and noise levels were blocked
within each spatial frequency condition (3 x 2 = 6 blocks). The order of
spatial frequency and noise blocks was randomized for each subject. Each
block comprised 168 trials, with 84 signal-absent trials and 84 signal-present
trials (7 contrasts x 12 trials per contrast). Hence, the session comprised a
total of 1,008 trials (168 trials x 6 blocks), over a duration of about 60 min.
There was a short break between spatial frequency blocks.

Table 2. Number of subjects per age (years) for each group

Control 1 Control 2 Experts
Age, y N Age, y N Age, y N
18 17 30 1 28 1
19 4 33 2 29 2
20 5 34 1 30 2
21 1 35 4 31 1
22 1 39 1 35 1
23 1 42 1 36 1
24 3 37 1
25 2 45 1
26 1
28 1

20 (2.5) 35(3.3) 33(5.3)

Mean ages in years (SD) are shown in the bottom row.
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Table 3. Number of subjects per cell for threshold analyses

Low Medium High
(2 to 4 cpi) (4 to 8 cpi) (8 to 16 cpi)

Low High Low High Low High

Radiologists, day 1 10 9 9 10 10 10
Radiologists, day 2 10 10 10 10 8 10
Control 1, day 1 36 36 33 35 35 33
Control 1, day 2 36 36 34 36 30 31
Control 2, day 1 9 10 9 9 9 10
Control 2, day 2 9 10 10 10 9 9

cpi, cycles per image.

Dependent Measures. The proportion of hits (H) was calculated at every con-
trast in every spatial frequency and noise condition, i.e., seven hits rates per
block. The proportion of false alarms (FA) was calculated from the signal-
absent trials in every spatial frequency and noise block, i.e., 1 FA per block.
H and FA were used to calculate signal detection measures of d’ and bias.

The signal detection measure of sensitivity, d’, was calculated at each
contrast using the standard formula

d’ = z(H) — z(FA), [11

where z is the inverse of the cumulative normal distribution function.
Contrast detection thresholds corresponding to a d’ of 1 were obtained
from a linear fit of d’ to log contrast variance.
The response criterion, here termed ¢, was computed as c_global (28), a
useful measure of criterion where multiple signal levels are interleaved with
signal-absent trials in method of constant stimuli:

c= \_obs — X\_ideal [2]

or

c=—2z(FA) —arg max <;(P(S/)[1 —®(\;d], 1)

[31
+ P(N)[2(X; 0, 1)]>,
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bility of a noise trial (i.e., 0.5), and & is the cumulative Gaussian thresholded
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tributions. The ideal criterion is assumed to maximize proportion correct
for the ensemble of stimulus contrasts. Eq. 3 finds \jges;, and estimates the
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Whereas in Eq. 4, the ideal criterion maximizes proportion correct at a single
signal level, the ideal criterion in Eq. 3 accounts for all signal levels.

Statistical Analyses. For a subset of subjects in each condition, reliable
thresholds could not be obtained (i.e., threshold > 0.1 or < 1e —6), and
data for one subject in the high spatial frequency condition on day were lost
due to electrical failure. No more than two subjects were removed per cell
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to the threshold plots in Fig. 2.

Log-transformed thresholds were analyzed with a linear mixed-effects
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