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ABSTRACT 
 
If the locations of abnormalities (targets) in an image are unknown, the evaluation of human observers’ detection 
performance can be complex.  Richard Swensson in 1996 developed a model that unified the various analysis 
approaches to this problem.  For the LROC experiment, the model assumed that a false-positive report arises from the 
latent decision variable of the most suspicious non-target location of the target stimuli.  The localization scoring was 
based on the same latent decision variable, i.e., when the latent decision variable at the non-target location was greater 
than latent decision variable at the target location the response was scored as a miss. Human observer reports vary, i.e., 
different locations have been identified during replications.  A Monte Carlo model was developed to investigate this 
variation and identified a non-intuitive aspect of Swensson’s LROC model.  When the number of potentially suspicious 
locations was 1, the model performance was greater than apparently possible.  For example, assume that target expected 
latent decision variable is 1.0.  Both target and non-target standard deviations were assumed to be 1.0.  The model 
predicts the area-under-the-ROC is 0.815, which implies da=1.27.  If the target latent decision variable was 0.0, then 
da=0.61.  The reason was the number latent decision variables in the model for the non-target stimuli is one, while the 
number latent decision variables for the target stimuli is the maximum of 2.  The simulation indicated that the 
parameters of a LROC fit, when the number of suspicious locations is small or the observer performance is low, does 
not have the same intuitive meaning as ROC parameters of a SKE task. 
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1. HISTORY OF LROC AT BRIGHAM AND WOMEN’S HOSPITAL 
 
This commentary is limited to location ROC (LROC) experiments.1  LROC experiments ask observers to make one and 
only one finding per stimulus.  The finding consists of a location report and an univariate likelihood rating.  While in a 
medical image evaluation the number of reports is not limited, not controlling the number of responses per stimulus 
confounds the interpretation of the experiment.  In addition, the second finding on a medical image usually does not 
change the outcome of the imaging exam..  Another potential limitation of LROC experiments is that observers may be 
unwilling to make a location report for a stimulus that they strongly feel is a non-target stimulus.  Using stimuli 
produced by added targets to natural images, our experience is that human observers are willing to make reports on non-
target images.  Finally, this discussion is limited to 2-dimension images and the analysis presumes that all image data 
are “uniformly” available to observers. 
 
Brigham and Women’s Hospital interest in LROC began with an experiment with the purpose to validate the matched 
filter calculation as a image quality metric and to increase the dynamic range of objective detection evaluations using a 
search task.2  The experiment used simulated CT images. The targets of constant size and contrast were located at 8 
possible locations in uniform noise.  The results of that experiment proved to be of interest to the perception research 
community.3  The search task also was of interest, because the scanned matched filter is an ideal detector for identifying 
a target in uncorrelated and stationary noise for which the background is known or constant. 
 
Other investigations at Brigham and Women’s Hospital by Swensson added simulated nodules to chest radiographs.4-6  
Those studies evaluated the effects of providing to the radiologists the prior reported localizations.  The experiment 
asked radiologists to detect the simulated nodules and then asked them in subsequent experiments about all the reported 
findings, both positive and negative.  The results suggested that radiologist were more effective classifying nodule and 
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non-nodule locations when they were searching.  Swensson call this phenomenon: “superiority-of-search.” The insight 
about the radiologist performance was that radiologists are an effective dam holding back a flood of false-positive 
reports.  However asking radiologists to classify those previously reported findings created a break in the dam.7 
 
These experiments led to the sense that the search task was a powerful procedure to understand medical image 
perception and the LROC was an important tool.  However, there was a lack of interest in LROC testing procedures.  
One reason was a likelihood-fitting procedure for LROC data equivalent to the Dorfman-Alf like fitting procedure8 for 
ROC data did not exist.  Another reason was a lack of equipment to easily obtain observer location reports. 

2. SYNTHETIC STIMULI FOR LROC EXPERIMENTS 
 
Adding realistic targets to medical images produces synthetic stimuli.  There are several well-known advantages of 
using synthetic stimuli.  A reliable truth standard is always available.  The investigator has control of target strength, so 
target strength can be set such that performance is not perfect or random, situations that provide no information.  These 
advantages lead to the availability of enough stimuli to perform an experiment with the sufficient statistical power. 
 
There is an additional aspect (advantage) of synthetic stimuli that experiments described here will exploit.  An 
experiment with synthetic stimuli can use two copies of the natural images: one with target added and other with no 
target added.  Using this experimental design memorable attributes of natural images are not queues to the presence or 
the absence of the target, i.e., recall of an image provides little information regarding presence of the target.  If the 
reader recalls the image, the reader still must search the image to detect the target that may or may not be present. 
 
Consequently, sample and recall biases are less likely to be the cause of differences between conditions.  Because the 
experiments are insensitive to recall bias, experiments to assess reader variation from replicated evaluations of same 
synthetic images can be effective.  Of specific interests are the reported number of non-target locations per stimulus and 
frequency of those non-target location reports. 
 

3. A MECHANICAL MODEL FOR SWENSSON LROC 
 
The target location is not specified to the observer in an LROC experiment.  A simple model assumes that the observer 
scans the image looking for the target.  The model for natural images assumes that object details produce image features 
that look like the targets.  It is the confusion of these non-target image features with target image features, not lack of 
visibility of the targets that causes detection errors.  The model reflects Swensson’s experience with synthetic stimuli 
produced from natural radiographic images and his superiority-of-search model. 
 
For target images, the detection task is transformed into a discrimination task between the target and a non-target 
feature.  While there may be many non-target features, the non-target feature of interest is the one that looks most like 
the target.  The critical attribute of the non-target image feature is that its location is not the target’s location.  Specific 
non-target locations are not part of the formalism.  Details of the specific locations, while interesting and independent 
information, are not critical to the model.  For non-target images, the non-target feature of interest is the one that looks 
most like the target.  The latent decision-variable distributions of the non-target feature and for the target feature are 
assumed to be identical.  The realized maximum likelihood procedure assumed the target and non-target feature 
distributions were Gaussian.1 
 

4. LOCALIZATION VARIATION OF NON-TARGET FINDINGS: LIVER CT EXPERIMENTS 
 
A model to explain the following data identified the non-intuitive aspect of Swenson’s LROC model.  The readers 
locations on the non-target stimuli from a previous LROC experiment9 were tabulated.  This experiment added or 
subtracted nodule profiles at the same random locations of 80 liver CT images.  Consequently, there were 2 conditions 
of 160 stimuli, 80 target and 80 non-target.  One condition asked the readers to detect nodules that were brighter than 
their surroundings and the other asked the readers to detect nodules that were darker than their surroundings.  Additional 
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characterizations and selection of the liver CT images were described in an investigation that used only the target 
stimuli in a finding experiment10.  A computer workstation dedicated to perceptual experiments was used to collect the 
readers’ finding.11  Five readers (2 radiologists and 3 non-radiologist) completed 2 replications of the experiment.  
Consequently, each reader viewed each medical image 8 times: 4 times searching for bright targets (2 target and 2 non-
target) and 4 times searching for dark targets (2 target and 2 non-target).  No significant differences were observed 
between performances of the 2 replications or among readers. 
 
In order to tabulate the number of non-target locations per stimulus and frequency that those non-target locations were 
reported from 10 reader locations, a criterion to determine whether the reader was pointing to the same feaure was 
established empirically.  Figure 1 is a plot of cumulative fraction of the pairs of reader locations less than a distance 
criterion.  The curve rises rapidly to plateau of 0.3 when the readers are searching for dark targets and 0.4 when 
searching for bright targets.  Figure 1 suggests if the distance between reader locations is less than 8 to 10 mm, then the 
reader was pointing to same non-target feature.  Consequently, 10 mm was used as the criterion that location finding 
was associated with the same non-target image feature.  This is consistent with the criterion used for scoring reader 
location as correct localizations on target images.10 
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Fig. 1 Cumulative frequency of same location reported on non-target stimuli by same reader on second 

reading.  The points are the average of 5 readers. 
 
 
 
Using a 10 mm criterion, there were an average 5.9 non-target dark features per image and 4.7 non-target bright features 
per image.  Figure 2 is the frequency of non-target stimuli with various numbers of features.  The maximum possible 
number of features was 10, the number of reports.  Just one stimulus had 10 reported features, which meant on each 
occasion that a reader inspected the image a different location was reported.  At the other end of scale, two stimuli had 
only one reported feature, which meant that on each of the 10 occasions that readers inspected the images they reported 
the same location.  These results suggested extending Swensson’s model to include more than one non-target feature 
might be interesting. 
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Fig. 2. Frequency of the number of reported location per stimulus.  There were 10 reports on 80 non-target stimuli. 
 

5. Simulation: Extension of Swennson LROC model to M non-targets 
 
A Monte Carlo simulation sampled a Gaussian distribution12 to estimate the feature latent decision variables.  All the 
feature latent decision variables had a standard deviation of 1.0.  Adding a constant to a sample of a Gaussian 
distribution with zero mean produced the latent decision variable for the target feature.  The constant was designated 
Feature SNR.  The decision variable for the non-target feature of interest was the maximum M samples of a Gaussian 
distribution with zero mean.  LROC decision variable for the target stimulus was the maximum of target and non-target 
decision latent decision variable.  The latent decision variable for the non-target stimulus was decision variable of non-
target feature.  If M=1, then this simulation is realization of the model that Swensson used to develop the maximum 
likelihood fitting procedure.  Discretizing the LROC decision variables of the simulation, scoring the discrete rating and 
fitting the data, recovered the specified value of Feature SNR. 
 
The analysis that demonstrated the non-intuitive aspect of Swensson’s model was the calculation of the Task SNR.  
The Task SNR was difference of the means of the target and non-target, stimulus latent decision variables divided by 
the RMS of the standard deviations of target and non-target latent decision variable.  The stimulation was run for at least 
10,000 stimuli for each value of Feature SNR and number of non-target features.  The results of the stimulations are 
summarized in Figure 3.  What was initially confusing and non-intuitive was that Task SNR was greater that 0.0 when 
the Feature SNR was zero.  Also for the Swensson model, M=1, the Task SNR is always greater than the Feature SNR.  
The rest of curve is intuitive, the performance decreases as the number of distractors increase. 
 
The reason for this non-intuitive result was that for the non-target stimulus the model observer uses a single sample, 
however, for the target stimulus the observer uses the maximum of two samples.  For example, if the Feature SNR is 
zero, the maximum of 2 samples of zero mean on average is greater than zero.  Structure of the model incorporates 
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stimulus classification information; consequently, the model observer will have higher performance than Feature SNR, 
when M=1. 
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Fig 3. Task SNR calculated from extension of Swensson model to more than one distractor.  Four Feature SNRs 
were evaluated: 0.0, 1.0, 2.0, and 3.0.  The Task SNR was greater that zero when the Target SNR was 0.0. 

 
A more intuitive model and simple extension of the Swensson model would assume that observer always considers at 
least two features.  For a non-target stimulus, two samples of non-target features would be considered.  For a target 
stimulus, one sample of non-target features and one sample of the target features would be used.  For Feature SNR=0, 
the Task SNR would be zero.  The model has the desirable characteristic that same sampling procedure would be used 
for target and non-target stimuli.  The sampling procedure does not incorporate any stimulus classification information.  
The slope ROC of this simple extension would be close 1.0.  This latter characteristic of the extended model 
unfortunately eliminates a nice feature of Swensson’s model that it provided a natural explanation of deviation of the 
slope of the ROC from 1.0. 
 
The long-term intent of these investigations was to distinguish between image feature decision-variable noise and reader 
decision-variable noise and develop a model that would predict Figure 2.  Adding reader noise to the image noise will 
lead to different non-target feature choices.  For example, if there were little reader decision-variable noise, the reader 
would always report the same few features and Figure 2 would be skewed to left.  On the other hand, if there were 
considerable reader decision-variable noise, the reader would report many target locations and Figure 2 would be 
skewed to the right.  This approach seems to be a direct and powerful tool to apportion variability between reader and 
stimulus.  Such an apportionment will be useful identifying limiting factors of the medical imaging exam, which always 
includes the human observer. 
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