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A B S T R A C T

Purpose: To assess the association between breast cancer risk and mammographic parenchymal measures ob-
tained using a fully-automated, publicly available software, OpenBreast.
Methods: This retrospective case-control study involved screening mammograms of asymptomatic women di-
agnosed with breast cancer between 2016 and 2017. The 114 cases were matched with corresponding healthy
controls by birth and screening years and the mammographic system used. Parenchymal analysis was performed
using OpenBreast, a software implementing a computerized parenchymal analysis algorithm. Breast percent
density was measured with an interactive thresholding method. The parenchymal measures were Box-Cox
transformed and adjusted for age and percent density. Changes in the odds ratio per standard deviation (OPERA)
with 95% confidence intervals (CIs) and the area under the ROC curve (AUC) for parenchymal measures and
percent densities were used to evaluate the discrimination between cases and controls. Differences in AUCs were
assessed using DeLong’s test.
Results: The adjusted OPERA value of parenchymal measures was 2.49 (95% CI: 1.79–3.47). Parenchymal
measures using OpenBreast were more accurate (AUC=0.779) than percent density (AUC=0.609) in dis-
criminating between cases and controls (p < 0.001).
Conclusions: Parenchymal measures obtained with the evaluated software were positively associated with breast
cancer risk and were more accurate than percent density in the prediction of risk.

1. Introduction

From a global perspective, breast cancer is the most common cancer
in women and ranks second as a cause of cancer deaths in the developed
regions [1]. Personalized screening recommendations to reduce mor-
tality rates have been investigated to offer tailored screening regimens
to women according to individual risk levels [2]. Effective risk assess-
ment methods based on different techniques and imaging modalities are
being developed [3]. In this respect, mammographic screening, due to
its relatively low cost, ease of acquisition and widespread use, has
considerable potential not only for the detection of suspicious lesions
but also for the identification of women at high risk [4].

There is convincing experimental evidence for an association

between parenchymal measures and the breast cancer risk [5]. Inter-
estingly, recent studies have indicated that parenchymal measures are
associated with breast cancer risk independently of breast density [6];
parenchymal methods are potentially better than breast density mea-
surements in revealing the complexity of breast tissue [7]. The classical
approach for parenchymal analysis can be summarized in three steps:
identification of a region of interest (ROI) within the breast, extraction
of different measures in the ROI by means of computerized texture
descriptors, and the construction of a risk scoring model based on
machine learning [8]. See [5] for a comprehensive review of algorithms
developed and tested in breast cancer risk assessment.

The ROI placement (parenchymal / whole breast) and the selection
of texture descriptors remain open problems. The uncertain
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reproducibility of parenchymal measures remains an important ob-
stacle to be overcome before embarking on phase II and III studies. The
aim of this case-control study was to evaluate the association between
the breast cancer risk and parenchymal measures computed using
OpenBreast, a new freely and publicly available software implementing
a parenchymal analysis algorithm [8]. We hope that this will facilitate
the development of a consensus regarding the utilization of par-
enchymal analysis algorithms for risk assessment and expanding their
clinical applications. As an alternative to parenchymal analysis, some
researchers have recently also examined the benefits of deep learning
methods for breast cancer risk assessment based on mammograms
[9,6,10]. Although these approaches have shown promising results,
these models are not publicly available. Therefore, here our scope was
limited to classical parenchymal analysis methods.

2. Materials and methods

This study was conducted within the screening program of Tampere
University Hospital. The hospital has the screening responsibilities for
the inhabitants of two municipalities in the Pirkanmaa Region, Finland.
The Government Decree on Screenings mandates that municipalities
should send a regular, biannual invitation to mammographic breast
cancer screening to all women aged between 50–69 years living in
Finland. All mammograms are read by two breast radiologists trained in
screening mammography.

Screening patient flow in our institution is managed using the
Optomed Software (Optomed Ltd, Finland). All patients diagnosed with
screening-detected breast cancers were retrieved from the patient flow
management software. We have assessed all 172 women with breast
cancers detected in screening in the years 2016 and 2017. The inclusion
criteria for the cases were: 1) no known history of previously detected
breast malignancies or previous invasive operations in the field of view
(e.g. lumpectomy, mastectomy, breast implant, coiling, pacemaker) as
these were hypothesized to have an impact on breast parenchyma, and
2) no reported breast-cancer related symptoms as they would require
further management irrespective of the mammographic result. Patients
were also excluded if there was a biopsy-warranting lesion in the con-
tralateral breast because the contralateral breast was used for image
analysis. Patients who did not meet the inclusion criteria or had an
exclusion criterion were excluded (N=58). The patient selection
flowchart is shown in Fig. 1. Table 1 summarizes histopathological
diagnoses and tumor characteristics of the cases examined in this study.

We searched for consecutive healthy controls matched by screening
and birth years and imaged with the same mammography system.
Women with a known history of breast malignancies, previous invasive
operations or the need for further biopsies were excluded. After the
selection, the study sample consisted of mammograms of 114 patients
(“cases”) with screening-detected asymptomatic cancers and 114 mat-
ched consecutive healthy women (“controls”).

In compliance with local and national regulations and laws, the use
of register data including mammographic images and patient history
was approved and the need for informed consent was waived by the
local chair of the Tampere University Hospital district. This retro-
spective study did not change either the diagnostic decisions or the
management of the patients. Patient history (women’s age, breast
cancer characteristics (including histopathology and tumor size)) was
retrieved from the electronic patient charts.

2.1. Mammographic systems and image retrieval

Bilateral two-view cranio-caudal (CC) and mediolateral oblique
(MLO) full-field digital mammography (FFDM) images from each breast
were acquired using either a MicroDose SI (Philips Healthcare, the
Netherlands) or a Senographe Essential (General Electric Medical
Systems, USA) mammography system. Approximately 350 women per
week are screened at our institution. The choice of the system was

based on the availability and the screening mammography was per-
formed by a non-associated mammographer trained in mammographic
screening. In clinical practice, images are customarily captured with
different imaging parameters that include both acquisition-specific and
system-specific parameters such as the compressed breast thickness,
compression force, X-ray tube voltage peak, and target-filter combina-
tion. Therefore, one could expect parenchymal measures computed
from images obtained using different imaging systems to exhibit some
differences [11]. We controlled for the effect of the imaging parameters
by matching cases and controls according to which mammographic
system had been used in their assessment.

Images were saved to the Sectra Workstation IDS7 (version 18.1,
Sectra, Sweden) PACS and the radiologists used Optomed Software
(Optomed Ltd, Finland) to manage the image workflow. The mammo-
grams were downloaded from the Sectra Workstation IDS7 PACS. We
collected the CC view images of the unaffected contralateral breast of
the patients diagnosed with cancer. The utilization of images of the
contralateral, unaffected breast at the time of diagnosis as a surrogate of
images from previous screening rounds is a common practice in the
evaluation of computerized imaging biomarkers [12–15]. In particular,
the use of images from the contralateral breast avoids problems due to
missing retrospective imaging data and changes in imaging technolo-
gies [12–15]. Recent studies have demonstrated that there are no sta-
tistically significant differences between CC or MLO views when used
for parenchymal analysis [16]. We chose the contralateral CC view
mammogram for cases in this analyses in order to avoid noise or arti-
facts due to faulty chest wall detection in the MLO view [16]. The right
breast CC view mammogram was used in the analyses of healthy con-
trols. All images were processed digital mammograms stored in a 16-bit
format. All images were standardized to a resolution of 0.1mm/pixel by
digitally resizing mammograms according to each system’s pitch be-
cause different mammographic systems have varying resolutions.

2.2. Parenchymal analysis

The parenchymal analysis was performed by one of its developers
(S.P) using OpenBreast v1.0 (Universidad Industrial de Santander,
Colombia); this is a publicly available software that incorporates the
most recent advances in parenchymal analysis [8]. OpenBreast has not
been clinically validated and was developed using imaging data dif-
ferent from this study. Briefly, parenchymal analysis is performed au-
tomatically in three steps following the classical approach for par-
enchymal analysis: ROI detection, feature extraction and risk
estimation. First, the ROI detection aims to delineate the full breast
region from the background of the mammogram and to automatically
localize a ROI within the breast for subsequent analysis. In the litera-
ture, different ROIs have been considered for the parenchymal analysis
including the whole breast [17], the largest circumscribed squared re-
gion within the breast [12], the retro-areolar region [14,18], and
multiple individual regions [13]. OpenBreast is able to perform a fea-
ture extraction from all of the above-mentioned regions. It remains an
open question which is the most suitable region of interest for the risk
analysis. We used the whole breast for the analysis based on our pre-
liminary experiments; the breast region was detected by thresholding
the mammogram to remove the highest mode of the image historgram
as described previously [19]. Feature extraction, i.e. computation of a
series of quantitative measurements (features) within the breast ROI
aims to characterize spatial parenchymal patterns [13]. In addition to
computational features, imaging parameters related to the mammo-
graphic system (compressed breast thickness, compression force, X-ray
tube voltage peak and target-filter combination) are included in the
analysis. OpenBreast computes a total 37 different features for each
mammogram. The final step, risk scoring, exploits classical machine
learning in order to calculate each woman’s risk level based on the
extracted features. OpenBreast generates a report with the estimated
risk score R that lies within the range of 0–1, where 0 and 1 correspond
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to the lowest and highest risk levels, respectively. The full dataset
(N= 228) was split into independent training and test sets by using 5-
fold cross validation stratified by the mammographic system. In each
run, the images in the training sets were utilized for building a risk
model and the images in the test set were used to evaluate the perfor-
mance.

2.3. Density estimation

Breast percent density was computed using a Cumulus-like inter-
active thresholding technique [20–22]. This technique allows a human
reader to segment dense parenchymal tissue from non-dense tissue by
manually adjusting the intensity threshold in the mammogram (Fig. 2).
Percent density (PD) is then calculated automatically by computing the
relative amount of dense tissue over the whole breast area. To reduce
the effect of inter-reader variance, the estimation of breast density was
performed simultaneously by two readers with 1 to 2 years of experi-
ence in mammographic imaging (O. A and A. S) blinded to any in-
formation of the R score and whether the image belonged to a case or a
control subject. All segmentations were subsequently reviewed and
approved by a breast radiologist with over 20 years of experience in
breast imaging (A. L). This process was repeated for every mammogram
until the three parties (O.A, A. S and A. L) were satisfied with the
segmentations.

2.4. Statistical analysis

Non-normally distributed continuous variables are presented as
medians with interquartile ranges, and categorical variables are pre-
sented as absolute values and percentages. We used the Box-Cox power
transformation to normalize both the R and PD distributions [23].
Subsequently, we standardized all the transformed measures by sub-
tracting the means and normalizing them according to their standard
deviations. We used the standardized transformed measures to evaluate
the association with the breast cancer risk using the odds per adjusted

Fig. 1. Diagram describing the selection of cases examined in this study.

Table 1
Histopathological diagnoses and characteristics of the tumors.

Characteristics N %

Histopathology
Non-invasive
DCIS* 22 19
Invasive
Ductal 74 65
Lobular 14 12
Mucinous 2 2
Mixed ducto-lobular 1 1
Tubular 1 1
T classification
Tis* 22 19
T1 75 66
T2 16 14
T3 1 1
T4 0 0

* Including one DCIS lesion with microinvasion.
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standard deviation (OPERA) [24], with 95% confidence intervals (CI).
An OPERA value measures how well a risk factor differentiates “high
risk” (cases) from “low risk” (control) women. OPERA values have been
previously utilized to compare the predictive power of different density
estimation methods [25]. We used the area under the receiver operating
characteristic curve (AUC) with a stratified 5-fold cross validation
without replacement for the assessment of the accuracy of the risk
prediction. The differences in AUCs were assessed using DeLong’s test
[26]. Both the risk score (R) and percent density (PD) were non-nor-
mally-distributed and therefore Mann-Whitney U test was used to
evaluate statistical differences in these two measurements between the
case and control groups. A p value less than 0.05 was considered to
indicate statistical significance. The statistical analyses were performed
using Matlab 2017b (Mathworks Inc., the USA).

3. Results

In the study sample, 48% (N=110) of the mammograms were
acquired using a Philips mammographic system and 52% (N=118)
with the GE mammographic system. The median age of the women was
60 years (range 50–68 years). Patient and control characteristics are
summarized in Table 2.

3.1. Risk measures and breast cancer risk

Before the Box-Cox transformation, the median parenchymal scores
and interquartile ranges (IQRs) of the case and control groups were
R= 0.94 (IQR: 0.27-0.99) and R=0.20 (IQR: 0.07-0.47), respectively.
The medians and interquartile ranges for percent densities in the case
and control groups were PD=29% (IQR: 22–38%) and PD=23%
(18–32%), respectively. Both risk measures, i.e. the risk score and the
breast percent density, showed statistically significant differences in
their distributions between the case and control groups (the Mann-
Whitney U test, p < 0.001 and p=0.004, respectively). Risk scores
and density measures were not correlated (Spearman’s ρ=0.11,
p=0.0711).

When used alone as imaging biomarkers, both parenchymal mea-
sures and percent density showed positive associations with the breast
cancer risk with OPERA values of 2.51 (95% CI: 1.81–3.49, p < 0.001)
and 1.39 (95% CI: 1.06–1.82, p=0.01), respectively. After adjusting
for density, parenchymal measures retained their statistical significance
with an OPERA value of 2.49 (95% CI: 1.79–3.47, p < 0.001). Fig. 3
shows estimated risk scores for different mammograms with different

densities.

3.2. Differentiation between cases and controls

The AUCs for the assessment of the accuracy of parenchymal mea-
sures of the percent density in the differentiation of healthy controls
and women diagnosed with breast cancer were 0.779 and 0.609
(Fig. 4), respectively; these differences were statistically significant
(p= 0.001). Incorporation of age and PD to parenchymal measures
achieved an increase in accuracy in comparison to unadjusted par-
enchymal measures (AUC=0.786), although the improvement was not
statistically significant (p=0.462).

Fig. 2. Breast percent density estimation using
an interactive thresholding method. The dense
tissue is segmented by manually adjusting the
intensity threshold in the mammogram. (a)
Original mammography image. Right CC view
of a 68-year-old woman diagnosed with breast
cancer. (b) Segmented dense tissue using in-
teractive thresholding (PD=30%). The red
line indicates the breast delineation and the
green color marks the parenchymal segment.

Table 2
Characteristics of the subjects. Density and risk quartiles were established ac-
cording to the distributions of these values among control subjects.

Characteristic Cases (%) N=114 Controls (%) N=114

Mammographic system
Philips* 55 (48) 55 (48)
GE** 60 (52) 60 (52)
Age at mammography (years)
< 55 26 (23) 26 (23)
55-59 21 (18) 21 (18)
60-64 44 (38) 44 (38)
> 64 24 (21) 24 (21)
Breast percent density
Q1: < 18% 17 (15) 29 (25)
Q2: 18-23% 19 (17) 28 (25)
Q3: 23-32% 32 (28) 29 (25)
Q4: > 32% 47 (41) 29 (25)
Breast thickness (mm)
Q1: < 51.0 24 (21) 26 (23)
Q2: 51.0-58.5 29 (25) 31 (27)
Q3: 58.5-66.0 31 (27) 28 (25)
Q4: > 66.0 30 (26) 29 (25)
Risk scores
Q1: < 0.07 11 (10) 28 (25)
Q2: 0.07-0.20 15 (13) 29 (25)
Q3: 0.20-0.47 10 (9) 28 (25)
Q4: > 0.47 78 (68) 29 (25)

Q1-Q4=quartiles.1–4.
* MicroDose SI (Philips Healthcare, the Netherlands).
** Senographe Essential (GE Medical Systems, the USA).
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4. Discussion

In this retrospective case-control study, the computerized par-
enchymal measures from FFDM images obtained using OpenBreast
were positively associated with the breast cancer risk after taking
density and age into account. A recent meta-analysis of more than 40
studies showed that parenchymal measures are positively associated
with the breast cancer risk [5]. Our results are in line with the findings
in several publications [12,6,18,17] and indicate that parenchymal
patterns are more predictive of the breast cancer risk than the corre-
sponding assessment of percent density.

The majority of breast cancers occur in women who have average or
moderately elevated risk of breast cancer (≤ 20% lifetime risk of de-
veloping breast cancer). Indeed, according to the literature, only 5–10
% of women have genetic predisposition to breast cancer [27]. A topic
attracting growing interest is the development of means to tailor
screening regimens to women according to their individual risk levels
[2]. Increased breast density has been associates with higher breast
cancer risk [28]. Nevertheless, the major organizations (e.g. The
American College of Radiology, The European Society of Breast Ima-
ging, The National Comprehensive Cancer Network, The European
Society for Medical Oncology) do not recommend interval-intensified

screening solely based on breast density. There is a growing body of
evidence that parenchymal measures outperform the density measures
in risk prediction and represent candidate biomarkers that could enable
risk-driven screening [12,6,18,17]. In this respect, further research on
automatic tools, such as OpenBreast, is warranted.

In the literature, there are a few publicly available and widely uti-
lized tools for the estimation of breast density, such as VolparaDensity
(Volpara Solutions, ND) [29], LIBRA [30] or QUANTRA [31]. However,
we are aware of only two other software tools which perform a risk
assessment based on parenchymal analysis: BreastIQ and CaPTk
[32,33]. BreastIQ is a software developed by Biomediq A/S; although
we did not find clinical studies specifically for BreastIQ, the same
company evaluated a prototype software in a prospective setting with
promising results [6]. In that work, mammographic texture patterns
were positively associated with breast cancer with hazard risk ratios of
up to 3.16 when comparing women in the fourth quartile vs. those in
the first quartile. CaPTk is a software capable of performing an analysis
of radiographic brain, lung and breast images [34]. CaPTk is the result
of a continuous, ongoing effort in the development of quantitative
mammographic image analysis tool for the assessment of breast cancer
risk [35]. We did not find any clinical studies which have used CaPTk
specifically in the assessment of breast cancer risk, but the original
developers of the parenchymal analysis pipeline reported AUCs of up to
0.85 in a case-control study with 106 cases and 318 age-matched
controls [13]. Our results suggest that parenchymal measures obtained
with OpenBreast have the potential to be utilized as an imaging bio-
marker to estimate the risk of breast cancer independently of breast
density. We hope that our results will be validated by independent re-
searchers and furthermore, while it would be interesting to compare
OpenBreast with other tools, one notable advantage of OpenBreast is
that this software is a non-commercial and publicly open tool.

There are several limitations to this study. Factors that may as-
sociate with parenchymal measures are poorly recognized, and they are
considered to reflect independent biological risk factors associated with
cancer development [17]. We took age and breast density into con-
sideration as potential confounding factors in the parenchymal mea-
sures. Associations between parenchymal measures, clinical features
and genetic factors should be studied in more detail as this might clarify
our understanding of the potential benefits – and the limitations – of
parenchymal measures. Secondly, it is well established that there is
extensive inter- and intra-reader variability in the visual assessment of
breast density [36,37]. Three experienced readers evaluated the PD
measurements in order to reduce the effect of inter-reader variability.
Inaccuracies in the estimation of density could result in an

Fig. 3. Mammograms with different percent densities and risk scores. (a) A woman from the control group with a low breast density and a low risk score (Age 55
years, PD=15%, R=0.11). (b) A woman from the control group with a high density and a low risk score (Age 55 years, PD=52%, R=0.16). (c) A woman from
the case group with a low density and a high risk score (Age 58 years, PD=12%, R=0.90). (d) A woman from the case group with a high density and a high risk
score (Age 55 years, PD=64%, R=0.96).

Fig. 4. ROC curves of breast density and parenchymal risk scores in the pre-
diction of breast cancer risk.
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underestimation of the discriminatory power of breast density. The
sample size in this case-control study was relatively small. However, we
believe that the sample is relatively representative as the majority of
eligible women were older than 60 years. Furthermore, the proportion
of non-invasive breast cancers to invasive breast cancers is in agree-
ment with published estimates [38]. The proportions of the major
histopathological subtypes (ductal and lobular carcinomas and ductal
carcinoma in situ) were appropriately present in the cohort [39]. Fi-
nally, we conducted the study in a case-cohort setting with concurrent
contralateral mammograms for risk prediction. Although such an ap-
proach has been used in studies estimating density-based and par-
enchymal-based risk, ithas the potential of being unrepresentative in
screening populations. The practice of using concurrent images may
cause the inclusion of mammograms with undetected lesions. Larger
studies in prospective randomized controlled settings to examine
whether parenchymal measures can predict accurately the future breast
cancer risk will be needed before the modified screening regime trials
can be approved.

To conclude, this study showed that computerized parenchymal
measures from FFDM images were positively associated with the breast
cancer risk after taking density and age into account. Parenchymal
measures outperformed percent density in the differentiation between
high-risk and low-risk women. OpenBreast is a publicly available soft-
ware that potentially may be used to predict the breast cancer risk.
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