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Purpose: Women with radiographically dense or texturally complex breasts are at increased risk for
interval cancer, defined as cancers diagnosed after a normal screening examination. The purpose of
this study was to create masking measures and apply them to identify interval risk in a population of
women who experienced either screen-detected or interval cancers after controlling for breast den-
sity.
Methods: We examined full-field digital screening mammograms acquired from 2006 to 2015.
Examinations associated with 182 interval cancers were matched to 173 screen-detected cancers on
age, race, exam date and time since last imaging examination. Local Image Quality Factor (IQF) val-
ues were calculated and used to create IQF maps that represented mammographic masking. We used
various statistics to define global masking measures of these maps. Association of these masking
measures with interval cancer vs screen-detected cancer was estimated using conditional logistic
regression in a univariate and adjusted model for Breast Imaging-Reporting and Data System
(BI-RADS) density. Receiver operator curves were calculated in each case to compare specificity vs
sensitivity, and area under those curves were generated. Proportion of screen-detected cancer was
estimated for stratifications of IQF features.
Results: Several masking features showed significant association with interval compared to screen-
detected cancers after adjusting for BI-RADS density (up to P = 2.52E-6), and the 10th percentile of
the IQF value (P = 1.72E-3) showed the strongest improvement in the area under the receiver opera-
tor curve, increasing from 0.65 using only BI-RADS density to 0.69. The highest masking group had
a 32% proportion of screen-detected cancers while the low masking group had a 69% proportion.
Conclusions: We conclude that computer vision methods using model observers may improve quan-
tifying the probability of breast cancer detection beyond using breast density alone. © 2019 American
Association of Physicists in Medicine [https://doi.org/10.1002/mp.13410]
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1. INTRODUCTION

Digital mammography is the standard modality for breast
cancer screening in average-risk women. Radiologically
dense and complex tissue on digital examinations can
reduce the screening sensitivity of detection from 84% in
low density mammograms to 68% in high density
mammograms, leading to cancers missed by screening
mammography.1,2 This effect is commonly called
mammographic masking, and can lead to one type of
interval cancer where lesions are missed by screening
mammography due to dense tissue masking the presence
of a lesion.3–5 Roughly 13 percent of the breast cancers
diagnosed in the U.S. are interval cancers based on initial
assessment.6

Women with dense breasts have a higher rate of interval
cancer, and legislation has been passed in 34 states that
requires some form of breast density notification after a
mammogram, including the recommendation to discuss addi-
tional supplementary screening methods with their primary
provider.2,7 While breast density measured using Breast
Imaging-Reporting and Data System (BI-RADS) scores can
serve as a rough proxy for masking in measuring interval can-
cer risk, the scores are subjective and do not account for the
texture and distribution of dense tissue.8–10 As a result, the
American College of Radiology has called for direct mea-
sures of mammographic masking as a way to predict risk of
interval cancer.11

Much work has been done to quantify measures that could
indicate risk of mammographic masking and interval breast
cancer. Strand, et al. found that texture features of mammo-
grams such as eccentricity or skewness can identify interval
risk and that longitudinal variation in breast density could
indicate risk of interval breast cancer.9,12 Holland et al. found
that automated breast density measures has an effect on the
screening performance of mammography.13 Mainprize et al.
quantified a detectability index and other features that help to
quantify mammographic masking and interval risk.10,14 These
studies have shown that analysis of detectability in mammo-
grams can help to identify risk of interval cancer and could
be studied and examined further. Our goal was to extend
upon these studies by creating and analyzing metrics of
detectability.

We hypothesized that mammographic masking could be
directly measured by developing software that inserts
pseudo-lesions into clinical mammograms and that these
measures can predict the effectiveness of mammography to
detect cancer at the time of screening mammogram acquisi-
tion. To test this hypothesis, we performed a case-case analy-
sis of women who had developed breast cancer diagnosed on
screening mammography (screen-detected cancer) or clini-
cally during the interval after a normal screening (interval
cancer) in a cohort of women with raw digital images. The
purpose of this study was to create masking measures and
apply them to a population of women who experienced either
screen-detected or interval cancers after controlling for breast
density.

2. MATERIALS AND METHODS

2.A. Subjects and data

Raw digital screening mammogram images for both
Craniocaudal (CC) and Mediolateral Oblique (MLO) views
were collected prospectively from 2006 to 2015 from four
different radiology facilities that participate in the San
Francisco Mammography Registry (SFMR), University of
California – San Francisco, California Pacific Medical
Center, Marin General Hospital, and Novato Community
Hospital. During this time period all interval cancers,
defined as invasive cancers identified within 12 months of
a negative screening examination, from these facilities
were identified. An equal number of screen-detected can-
cers were matched on age, race, exam date and time since
last imaging examination. Screen-detected cancers were
defined as invasive cancers identified within 12 months of
a positive screening examination. All mammograms were
interpreted prospectively by radiologists during the course
of routine clinical care. Cancers were identified by linking
the SFMR database annually with the state California
Cancer Registry. Ethics approval was obtained by the
Institutional Review Board for this retrospective analysis
of mammograms for masking properties and the study
was Health Insurance Portability and Accountability Act
(HIPAA) compliant. For each case identified, the mammo-
grams prior to cancer detection were selected for analysis.
All images were taken on Hologic (Bedford, MA) Selenia
Mammography machines.

The aim of the study was to examine if our generated
masking measures could classify between screen-detected
and interval cancers.

2.B. Generating a measure of masking

2.B.1. Derivation of X-Ray Spectra and attenuation
curves:

We extracted the relevant imaging technique factors from
the Digital Imaging and Communications in Medicine
(DICOM) of the raw, “For Processing” image headers (kVp,
mAs, breast thickness, anode and filtration materials, and
thicknesses) and reproduced the characteristics of the inci-
dent X-ray spectra.15 We then used previously established
methods to determine the additional attenuation from the
breast tissue and the resulting X-ray spectrum at each
pixel.16,17

2.B.2. Creation of virtual lesions

Next, we created our virtual lesions by inserting a Gaus-
sian profile of an additional attenuation into the unprocessed
raw data mammograms15 as it corresponds to a simple
approximation of a lesion10,11 with full width half max
(FWHM) to emulate clinically relevant tumor sizes and in
previously studied lesion size ranges (0.5–3 cm).10,18 The
magnitude of attenuation of our virtual lesions was calculated
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by combining the X-ray spectrum with the attenuations that
would be observed in the Contrast Detail Phantom for Mam-
mography phantom, which contains gold discs with varying
size and thickness and is used to quantify detectability thresh-
olds of different imaging configurations by having readers
attempt to identify the locations of these disks.19 We analyzed
peak lesion thickness ranges of 0.03–4 um of gold attenua-
tion, which correspond to 0.05–3 cm of lesion peak thick-
ness.15 These virtual lesions are then blurred by the point
spread function of the mammography unit.20

2.B.3. Model observer and detectability

We used a model observer to determine the detectability
of these virtual lesions throughout the breast. Model obser-
vers are used often in medical research to emulate the result
of a human reader in a detection task.21 We chose to imple-
ment the Non Pre-Whitening Matched Eye Filter (NPWE), as
studies have shown the filter correlates with human observers
in the case of detecting lesion like objects in a background
similar to what is seen in mammography.22 Equation (1)
shows the NPWE filter, where E is an eye filter, gs is the
image template with the signal of interest (virtual lesion), and
gn is the image template without the signal of interest.

w ¼ ET gs � gn½ �E (1)

when the result w is above a detectability threshold, the signal
of interest is deemed detectable. We calculated this measure
and detectability at 5 mm intervals patch by patch throughout
the breast for the full range of diameters, with an image patch
size of two times the size of each FWHM.23 We exclude non-
breast regions from calculations by defining the skin edge
and muscle region via thresholding and in-house software,
and the calculation was only done if the inserted lesion fit
within the skin edge.

In order to determine the threshold of detectability, we
implemented a 2-Alternative Forced Choice (2-AFC) test22

and calculated the threshold peak thickness value that was
detectable for each lesion size at a 75 percent correct thresh-
old. To run a 2-AFC test, it is necessary to have lesion-free
image patches similar to, but not identical to, the image patch
with the virtual lesion. For this we generated simulated image
patches with the same mean, standard deviation, and radially
averaged power spectrum as the lesion-containing image
region.

2.B.4. Producing masking maps

Performing the 2-AFC test allowed us to calculate the
threshold minimum thickness value that was detectable for
each FWHM virtual lesion size. From this, we produced a
contrast detail (CD) curve for each region, a curve that plots
thresholds of detectability across multiple diameters and is
important to image quality studies for mammography.24,25

We then summarized this CD curve by calculating the Image

Quality Factor (IQF):

IQF ¼ n=
X

n
i¼1 Ti;minDi (2)

where n is the number of virtual lesion FWHM values and Di

and Ti;min are FWHM values and threshold peak thicknesses
of detectability for each virtual lesion FWHM. Di values were
the FWHM values shown in Table II. Larger IQF represents
higher detectability in that patch, i.e., that masking is less
likely. We calculated IQF patch by patch throughout the
breast for the full range of diameters. This entire set of IQF
values can then be visualized across the image as an IQF map
at 5 mm intervals, which highlights patches of high and low
detectability. Next, we consider IQF map first order statistics,
second order statistics, and other summary IQF measures that
may classify between mammograms with low and high mask-
ing.

2.B.5 Statistical analysis

We generated these IQF maps for CC and MLO views of
the right and left breasts, and in each case all four views were
available. Based on these IQF maps, we calculated various
summary masking measures ranging from common statistics
to measures of the gray level co-occurrence matrix (GLCM)
by averaging the summary measures across all four views.
GLCM was calculated with standard MATLAB commands
and with a standard horizontal shift of [0,1] and 64 bins. We
then used conditional logistic regression in a random effect
model with interval vs screen-detected cancer as the outcome
and each of these masking measures as the predictor. We first
fitted a conditional logistic regression using only BI-RADS
density. We then fitted two conditional logistic regressions
for each masking measure: one univariate regression using
only the masking measures and one regression using BI-
RADS density as well as the masking measures. We com-
puted and compared the receiver operator characteristic area
under the curve (ROC AUC) from the conditional logistic
regressions.16 The best masking measure was selected as the
measure with the largest improvement to the AUC compared
to the model with only BI-RADS density, and also had a sig-
nificant p-value of inclusion into the model with Bonferroni
correction after controlling for BI-RADS density with a criti-
cal significance value of 2.85E-3.

Image analysis and calculation of masking parameters
were carried out using MATLAB r2015a (Mathworks, Nat-
ick, MA). Conditional logistic regressions were carried out in
R version 3.2.2 using the clogit function in the survival pack-
age. Analysis also used R.matlab, ROCR, dplyr, e1071, ICC,
lattice, gdata, PredictABEL, and psych packages.

3. RESULTS

Table I shows the demographic information of the
women from each case-type. Within this dataset we had
182 women diagnosed with an interval breast cancer.
These were matched by exam date (within 365 days) and
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time since last imaging examination to 173 women with
screen-detected breast cancers. There were no screen-
detected cancers that matched by age and race for nine of
the interval cancers, and these were excluded in the condi-
tional logistic regressions. The descriptive statistics showed
a difference in Body Mass Index (BMI) and BI-RADS

density between groups, but the other demographic and
risk information was not significantly different.

Figure 1 shows a sample region where a simulated Gaus-
sian lesion was inserted into a region of a mammogram, with
the peak thicknesses and FWHM of the virtual lesions shown
in Table II.

Figure 2 shows a masking map generated from a sample
mammogram. Intuitively, we can see that the masking map
has lower values in regions of high density.

The full list of masking variables used in the conditional
logistic regression between interval and screen-detected can-
cers and their univariate conditional logistic regression
results are shown in Table III. Many of the masking measures
had similar AUC levels and ROC curves, as seen in Fig. 3.

Figure 3 shows the ROC curves and associated AUC val-
ues of predicting interval and screen-detected cancer in the
test set for the most significant masking measures. These
measures improved upon the prediction even after including
other breast cancer risk factors.

Figure 4 shows the ROC curves and associated AUC val-
ues of predicting interval and screen-detected cancer of the
different models for the IQF 10th percentile, the masking
measure that improved the AUC the most compared to the
density only model.

Several IQF masking measures were statistically signifi-
cant for inclusion in the conditional logistic regression, even
after controlling for BI-RADS density. Table IV contains the
results of the proportion analysis. In Table IV we see

TABLE I. Descriptive statistics of the screen-detected and interval cancer
groups.

Screen-detected
group

Interval
group P-value

N 173 182

Age, years (SD) 57.8 (10.9) 56.8 (11.8) 0.28

BMI, kg/m2 (SD) 24.9 (4.7) 23.5 (4.3) <0.0001

Race: 0.88

White 127 129

African American 3 4

Chinese 25 27

Filipina 3 3

Hispanic 0 2

Japanese 5 9

Mixed 5 6

Other Asian 2 1

Other Non-Asian 3 3

Menopausal status 119 (69%) 123 (67%) 0.69

Family history of breast cancer 47 (23%) 60 (33%) 0.25

Previous history of breast biopsy 55 (32%) 68 (37%) 0.33

BI-RADS frequency: 0.008

A: Almost entirely fatty 11 3

B: Scattered
Fibroglandularities

50 33

C: Heterogeneously dense 61 78

D: Extremely dense 19 53

Missing data 19 7

Unknown 13 10

FIG. 1. Sample images of an original raw data mammogram patch (left) and the same patch with a virtual lesion inserted (right) indicated by the arrow with
1 cm FWHM, 2 um Au peak thickness. [Color figure can be viewed at wileyonlinelibrary.com]

TABLE II. Description of all the diameters and peak thicknesses of the
Gaussian virtual lesions that were created.

Dimension Sizes used

Full width half
max (mm)

30, 28, 25, 22, 20, 18, 15, 12, 10, 8, 5, 4

Peak thickness
(um Au Equivalent)

4, 3.5, 3, 2.5, 2, 1.5, 1, 0.75, 0.5, 0.36, 0.25, 0.2,
0.16, 0.13, 0.1, 0.08, 0.05, 0.03
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decreasing proportion of screen-detected cancers in the
groupings with high levels of masking.

4. DISCUSSION

We identified several measures of masking that are
associated with interval compared to screen-detected

cancers even after adjusting for BI-RADS density. These
masking measures may be useful to better identify groups
at high risk of interval cancer. The IQF 10th percentile
measure provided the largest gain in the AUC when
added to the model, raising the AUC from 0.65 with den-
sity alone to 0.69. This indicates that these masking mea-
sures may contain information about interval breast cancer

FIG. 2. Raw data mammograms (CC View) and the respective generated IQF masking maps for sample images with BI-RADS density 1 (top-left), 2 (top-right),
3 (bottom-left), and 4 (bottom-right). Scale of IQF values are shown at right and are consistent across images. IQF values closer to zero are represented as darker
pixels, indicate higher levels of masking, and are seen in the higher density images. Raw data mammograms have been contrast-enhanced to better see dense
regions, leading to an artifact being seen at the periphery. Pseudo-presentation mammograms were developed using previously established methods within the
lab16 [Color figure can be viewed at wileyonlinelibrary.com]

TABLE III. List of all masking measures analyzed and their respective AUC and P-value for the univariate classification and classification after controlling for
BI-RADS density.

Masking measure
AUC for each

masking measure
P-value in

regression model
AUC after controlling
for BI-RADS density

P-Value for inclusion
of masking measure

IQF Mean 0.60 6.62E-07 0.68 1.19E-03

IQF Median 0.61 3.04E-06 0.68 02.18E-03

IQF Sum 0.63 8.58E-11 0.67 2.52E-06

IQF Entropy 0.59 6.64E-06 0.68 8.05E-04

IQF Kurtosis 0.56 0.015 0.67 0.214

IQF Skewness 0.59 1.78E-04 0.67 7.55E-02

IQF 10th Percentile 0.61 1.12E-06 0.69 1.72E-03

IQF 25th Percentile 0.61 7.02E-07 0.68 1.17E-03

IQF 75th Percentile 0.59 4.37E-06 0.69 2.91E-03

IQF 90th Percentile 0.60 1.15E-07 0.68 4.07E-04

IQF Percent Area below 1 0.59 5.17E-06 0.68 6.72E-04

IQF Percent Area below 2 0.60 9.91E-07 0.68 2.43E-03

IQF Percent Area below 3 0.58 4.22E-05 0.68 5.58E-03

IQF Percent Area below 4 0.58 3.42E-04 0.68 1.22E-02

IQF GLCM contrast 0.54 0.032 0.68 4.43E-02

IQF GLCM correlation 0.58 1.72E-04 0.67 9.50E-04

IQF GLCM energy 0.60 8.11E-07 0.68 4.58E-05

IQF GLCM homogeneity 0.57 7.68E-03 0.67 3.91E-03

IQF: Image Quality Factor, GLCM: Gray Level Co-Occurrence Matrix, AUC: Area Under the Curve, BI-RADS: Breast Imaging-Reporting and Data System.
P-value for each masking measure is in a univariate logistic regression model with interval cancer vs screen-detected cancer as the outcome.
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risk that is not captured in the BI-RADS density classifi-
cation alone.

The most significant measure, the 10th percentile of the
IQF map, is an indicator of a region of the breast with low
detectability. If such a region exists, it follows that a potential
cancer would be less likely to be detected by the radiologist
in that region of the breast making an interval cancer more
likely. The fact that masking measures related to overall,
local, and texture qualities indicates that masking properties
are complex and need to be further studied to identify all rele-
vant factors at play. Analyzing the proportion of screen-
detected cancers stratified by BI-RADS density and the IQF
10th percentile measure showed interesting interactions as
well. In each case, the proportion of screen-detected cancers
was highest in the low masking category and lowest in the

high masking category. The difference between the lowest
and the highest proportion was over 30%.

Little has been reported with regards to measuring mam-
mographic masking. Previous work has reported that texture
features in presentation mammograms, such as skewness and
eccentricity, indicated odds ratios for interval cancer risk of
1.32 and 1.21, respectively. We did not perform a direct com-
parison to these measures because those measures were per-
formed on presentation mammograms and our analysis only
had access to raw data mammograms, but our work was able
to further show that there is detectability information in addi-
tion to these texture features that are not present in breast
density that can aid in interval risk predictions.

Mainprize et al. previously performed a detectability study
in which they derive a masking measure by creating a regional
detectability index of a Gaussian shaped simulated lesion with a
5 mm FWHM based on the signal to noise ratio, which can be
derived from the normalized noise power spectrum, and several
other imaging parameters of the mammogram.10 They found
their masking measure correlated with breast density in several
different ways and indicated it may be useful to identify risk of
interval cancer. Our study expands upon this work by calculat-
ing detectability directly with a 2-AFC test of the model obser-
ver and by performing regressions to predict screen-detected
and interval cancers. As the field investigating mammographic
masking is growing, future developments, and insights will be
gained to best understand how to model and quantify masking.

This study has several strengths. First, it accounts for BI-
RADS density, a known risk factor for interval cancer. This
was important because as expected there was a significantly
higher proportion of interval cancer cases in the high density

FIG. 3. ROC curves for several of the masking measures in predicting inter-
val vs screen-detected cancer. All masking measures had similar AUCs and
ROC curves in the univariate analysis. [Color figure can be viewed at wileyon
linelibrary.com]

FIG. 4. ROC curves of predicting interval vs screen-detected cancer for the
best performing masking measure (IQF 10th percentile). BI-RADS only
ROC curve has circles at each categorical cut point and lines connecting
them for clarity. After controlling for BI-RADS density, this masking mea-
sure improves the AUC from 0.65 to 0.69. P-value for inclusion of masking
measure in combined model = 1.7 E-3. [Color figure can be viewed at wile
yonlinelibrary.com]

TABLE IV. Comparison of proportions of screen-detected cancers by
BI-RADS density groupings and masking measure groupings, grouped by
percentiles similar to BI-RADS density distribution.

Masking measure Measure by quartile

Clinical BI-RADS density A B C D Unknown Overall

Interval cancers 3 32 77 53 17 182

Screen detected
cancers

11 50 61 19 32 173

Proportion of
screen-detected
cancers

0.79 0.61 0.44 0.26 0.65 0.49

IQF 10th Percentile 4th 3rd 2nd 1st Overall

Interval cancers 11 62 84 25 182

Screen detected
cancers

25 79 57 12 173

Proportion of
screen-detected
cancers

0.69 0.56 0.40 0.32 0.49

IQF: Image Quality Factor, BI-RADS: Breast Imaging-Reporting and Data
System.
Left most quartiles of the masking measure correspond to the quartile with the
lowest masking, and right most quartiles with the highest masking levels.
First to 0–10th percentile of the value of the masking measure.
Second to 10–50th percentile of the value of the masking measure.
Third to 50–90th percentile of the value of the masking measure.
Fourth to 90–100th percentile of the value of the masking measure.
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categories compared to the screen detected category.2,7 Addi-
tionally, matching by age and race between the datasets helps
control for confounding in our dataset.

There were several limitations that, if resolved, could
improve upon the strength of the study. First, the simulated
lesions were rather simplistic in order to optimize insertion
and detection testing. There have been several studies show-
ing more advanced models of simulated lesions. Unfortu-
nately, with the current computational ability of our system,
implementing these additional calculations for a variety of
sizes and thicknesses all throughout the breast was
impractical, so we implemented a simpler gaussian model to
determine the detectability of a rough lesion simulation. Fur-
thermore, the fact that the 2AFC leveraged a radially averaged
power spectrum leaves out certain directionalities in the par-
enchyma and did not control for the changing thickness and
directionality along the skin edge, which could introduce bias
in the 2AFC especially along the skin edge.

Another limitation of this work is the small benefit of the
additional masking measure over BI-RADS density, with the
improvement mostly being in the lower specificity region. In
order to be an effective tool, we would need to have further
improvements as well as improvements in the higher speci-
ficity range. A more sophisticated model observer such as a
Channelized Hotelling filter has the potential to define a
stronger interval risk measure.26 However, a NPWE filter
may still be sufficient to properly quantify masking and pre-
dict risk of interval cancer in mammography, as it performs
similarly to detection capabilities in noise similar to breast
tissue. Additionally, this study was performed on a case-case
dataset. In the future, comparing masking measures in inter-
val cancers compared to women who do not have breast can-
cer could help better define the predictive value of the
masking measure.

5. CONCLUSIONS

In conclusion, the computer vision methods we’ve devel-
oped may be able to identify interval risk information that is
not present in BI-RADS density alone. Further, analysis of
proportions of screen-detected cancers showed that these
masking measures provide risk segmentation and may have
the potential to identify low density groups at high risk of
interval cancer and high density groups with low risk of inter-
val cancer.2 This method could be further developed to
improve risk prediction models of interval cancer or develop
automated methods to help radiologists in risk prediction.
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