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Background: Breast cancer is among the most prevalent cancers which can 
effectively be screened by mammography. The spatial distribution of grey levels of 
the mammogram known as first-order statistical features (FOSFs) contain higher 
dimensional data which describe the breast composition. We aim to test these basic 
measures to differentiate density categories in breast cancer patients, and use them 
as covariates to investigate the relationship between radiologic and pathologic 
features of the tumor.  

Methods: Data from 85 breast cancer patients, their BI-RADS breast density 
category (a to d), percentage density (PD), and FOSFs of the mammogram including 
median, mean, interquartile range, kurtosis, maximum, minimum, standard 
deviation, skewness, and energy, were extracted. The tumor grade and the 
percentage of Ki67, ER, PR, and Her2 status were recorded.  A linear discriminant 
analysis, and a support vector machine (SVM) were used to discriminate each 
density category from others. Then, the relation between the variables was 
investigated using ANCOVA and regression analysis. 

Results: Density categories a and d were classified by SVM with high accuracy. 
The key feature of a and d were interquartile range and maximum intensities, 
respectively. Reported tumor margins were related to Her2 overexpression and PR 
positivity. Spiculated tumor margin predicted the percentage of PR expression, with 
a cumulative odds ratio of 7.85 (CI 2.5- 24.78), when adjusted for age, area of breast, 
density, and FOSFs (P=0.0004). 

Conclusion: The findings of this study suggest that FOSFs can be incorporated in 
computer-aided systems to adjust for differences in breast composition and to refine 
risk profiles. 

Copyright © 2024. This is an open-access article distributed under the terms of the Creative Commons Attribution-Non-Commercial 4.0 International License, which permits copy 
and redistribution of the material in any medium or format or adapt, remix, transform, and build upon the material for any purpose, except for commercial purposes. 

 
 
INTRODUCTION 
Breast cancer is among the most prevalent cancers 

of adult women of any age, but hopefully it can be 
screened or diagnosed early in the majority of 
incidents. The importance of early diagnosis has led 
to several screening guidelines, with mammography 
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as the leading procedure.1 Reportedly, high 
mammographic density, due to the high proportion of 
epithelial-stromal tissue and complex structure of the 
glands, is an independent risk factor for breast cancer 
incidence with an anticipated relative risk ranged 
from 1.8 to 6.0.2-5 The concealing effect of the dense 
background causing reduced sensitivity for detection 
of precancerous and cancerous lesions in 
mammography makes the owner prone to cancers 
appearing at screening intervals.5-7 Since the higher 
incidence of cancer does not attenuate by time or 
repeated screening, another possibility is the higher 
volume of ducts or a more suitable microenvironment 
for tumor growth where the cancer originates, causing 
higher cancer incidence.8-11 The current 5th edition of 
the Breast Imaging-Reporting and Data System (BI-
RADS) criteria for categorizing breast density has 
replaced estimates of dense area percentage with 
descriptions about the possibility of obscured 
lesions12, which may reflect information related to 
different breast compositions.  

Several computer algorithms have been designed 
to extract texture features and convert them into 
higher-dimensional data. For instance, Support 
Vector Machine (SVM) is a type of automated binary 
machine learning algorithm that has been used to 
distinguish and classify radiological patterns of 
mammograms. Their potential clinical implication is 
to improve accuracy, reduce intra and inter observer 
variability, and support decision-making by the 
radiologists.13,14 The first-order statistical features 
(FOSFs) of the intensity histogram of mammograms 
may be considered as radiomic features which 
describe the distribution of intensity voxels by basic 
metrics. FOSFs include parameters which provide 
information beyond the point of human visual 
perception, and is possibly related to cancer 
incidence.15-19 Due to lower accuracy of the 
mammogram and higher susceptibility to cancer 
incidence in dense breasts, updated screening 
recommendations endorse early risk assessment and 
supplemental screening if the risk is considered 
higher-than-average.20 

While basic mammographic features are readily 
extractable, their potential correlation with 
pathological or radiological findings offers 
opportunities for enhancing computer-aided 
diagnostic and prognostic models. This study aims to 
investigate the relation between objective (measured) 
and subjective (radiologist’s interpretation) 
assessments of breast density, investigate the 
relationship between mammographic FOSFs and 
density, and explore the potential of FOSFs as 
covariates in modeling the association between tumor 
characteristics and pathology. 

 

METHODS 
Study design and participants 
In this cross-sectional study, all women who 

underwent diagnostic mammography for evaluation 
of their breast mass or abnormality and had a 
diagnosis of primary breast cancer at Shafa Imaging 
Center, Isfahan, Iran, between 2016 and 2019, were 
the target population included in our study. Patients 
with histories of past breast cancer, recurrence, 
surgery or radiation therapy on the affected breast, 
and those with unavailable digital mammograms were 
excluded from the study.  

The general approach to suspicious lesions was as 
follows: those with BI-RADS scores of 4 or 5 in their 
mammography report, and also in some cases of BI-
RADS 0 or 3 with a high suspicion of malignancy as 
determined by the radiologist based on history, 
clinical, or subsequent ultrasonographic data, were 
candidates for core needle biopsy. None of the 
patients had prior diagnosis of breast cancer, so the 
radiologist was not aware of the pathology results 
when reporting the images. Biopsies were undertaken 
by the coauthor radiologist via standard 14 G  100 
mm core needle for breast biopsy (Medax, San 
Possidonio, Italy) with ultrasonic guidance.  

 
Data collection 
In accordance with the ethical standards of the 

ethics committee on human experimentation a verbal 
informed consent was performed from patients to use 
the information from the paper and electronic 
documents of the center. The demographic, 
mammographic, and pathologic data were collected, 
but missing data was allowed. Information related to 
family history of breast cancer, age at menarche, age 
at first pregnancy, number of pregnancies, and history 
of oral contraceptive pills (OCP) intake or hormone 
replacement therapy (HRT) were asked over the 
phone and recorded. Exclusively, pathology reports 
from the academic pathologist in charge of the core 
needle biopsy which was performed by the co-author 
radiologist, were obtained from patients’ files. The 
required information included histology, grade, and 
hormone receptor positivity and percentage of 
immunohistochemistry (IHC) positive staining of the 
cancerous lesions. The ER, PR, Her2, Ki67 kit used 
for this means was rabbit anti-human monoclonal 
antibody (Master diagnostica, Granada, Spain). ER 
and PR positivity were described as at least 1% stain. 
We used low (5-80%) and high (90% and above) 
positivity to describe hormone positive cases. Relying 
exclusively on IHC results, Her2 positivity was 
defined as protein overexpression (score 3+), Her2 
equivocal or negative stains were grouped as 
otherwise. In addition, the four molecular subtypes of 
breast cancer were categorized as luminal A: hormone 
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receptor positive with Ki 67 less than 14%, luminal 
B: Ki 67 of at least 14%, Her2 enriched: hormone 
receptor negative, Her2 overexpression, and triple 
negative: all three receptors negative.  

 
Mammograms 
All patients had diagnostic full field digital 

mammograms with cranial caudal (CC) and 
mediolateral oblique (MLO) views for each breast for 
the diagnosis of the suspicious lesion before biopsy 
using Hologic, Selenia mammography system with 
similar settings. In order to eliminate interobserver 
variability, all images were interpreted by the co-
author radiologist who has a ten-year sub-specialty 
expertise in breast image reporting. The required 
variables included mass density, compared to an 
equivalent volume of fibro-glandular tissue, and 
tumor margins, including micro lobulated, indistinct, 
and spiculated. The four descriptors for breast 
composition according to the 5th edition of the BI-
RADS based or the American College of Radiology 
criteria (12) are as follows: a: almost entirely fatty, b: 
scattered areas of fibro glandular density, c: 
heterogeneously dense, and d: extremely dense. 

 
Image variables 
By means of the Cancer Imaging Phenomics 

Toolkit v.1.8.1 platform, all of the four 
mammography views were analyzed by the 
automated Laboratory for Individualized Breast 
Radiodensity Assessment algorithm (LIBRA). The 
algorithm detects the breast parenchyma outline and 
then segments absolutely dense or white stromal-
epithelial clusters, and then it normalizes the ratio of 
the dense tissue area to the total breast area which 
results in breast percent density (PD). 21,22 The texture 
feature pipeline was also executed for texture 
analyses. We selected the FOSFs that included mean, 
the average intensity of voxels; median, the mid 
intensity of the voxels; variance, the variation of the 
voxels on histogram; skewness, the measure of 
histogram asymmetry; kurtosis, the weight of tails of 
the histogram; interquartile range, the range between 
the 25th and 75th percentile, and energy, the sum of 
squared intensities of the histogram. The formula is 
described in 
https://cbica.github.io/CaPTk/tr_FeatureExtraction.h
tml. The area of the breast was used as a surrogate for 
breast size. 

 
Statistical analysis 
Descriptive statistics were reported as frequency 

(percentage) for categorical variables and mean (SD) 
for quantitative variables. Analyses were performed 
by Spearman's correlation coefficient to analyze the 
relationship between continued quantitative variables. 

In order to remove redundant variables, we executed 
a one-way analysis of covariance test which served as 
a filter for feature selection by determining their 
differences between a to d categories of breast 
density, and post hoc to understand pairwise 
differences. Statistics and Machine Learning Toolbox 
of MATLAB R2019a (Math Works, MA, USA) 
software was used for a one versus others approach of 
BI-RADS density classification by selected FOFSs 
and PD. The discriminating accuracy for 
classification of the linear discriminant analysis 
(LDA), and the support vector machine (SVM) was 
tested. The classifier parameters were heuristically 
tuned and validated using the k-fold cross validation 
technique (k=10). Then, ranking the key features by 
class separability criteria was done.  Finally, in order 
to explore if the percentage of hormone receptor 
positivity is predicted by tumor radiological features, 
ordinal logistic regressions were performed, and the 
cumulative odds value was calculated as eβ. IBM 
SPSS Statistics (v. 16, IBM Corp., Armonk, NY, 
USA) was used for statistical analyses. In all 
statistical tests, a P-value less than 0.05 was 
considered statistically significant. 

 
RESULTS 
In this study, data from 85 patients were analyzed 

who all had unifocal and unilateral lesions of in situ 
or invasive carcinoma. The age range of patients was 
36 to 79 years. Ninety percent of patients had a history 
of child birth, with an average of 3 children, the age 
at first pregnancy ranged from 15 to 37. A family 
history of breast cancer in first- or second-degree 
relatives was present in 21%. A history of regular 
intake of OCP was reported in 46%. None of the 
menopausal patents had a history of HRT. 
Mammogram data for tumor size were available for 
only 20 patients. Sixteen patients were T1, two were 
T2, and two others were T3 according to tumor size. 
Other demographic information is listed in Table 1. 
There was statistically significant variation between 
categories of breast density groups in the means of PD 
after adjusting for age and breast area, determined by 
one-way ANCOVA. Cases of different density 
categories were not significantly different for the 
kurtosis, mean, standard deviation, and minimum 
measure of their normalized intensity histograms. 
Other histogram FOSFs including median, 
interquartile range, maximum, skewness, and energy, 
were significantly different in breast density 
categories (Table 2). 

 

Radiological features and demographics 
The radiological features of the study population 

include the information reported by the radiologist 
which is shown in Table 1. 

https://cbica.github.io/CaPTk/tr_FeatureExtraction.html
https://cbica.github.io/CaPTk/tr_FeatureExtraction.html
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Table 1. patient characteristics 
M (SD) General (years) 
53.25 (10.5)   Age 
12.82 (1.9)   Menarche 
20.31 (3.99)   First pregnancy 
Number (%) Histology 
71 (83.5)   Invasive ductal carcinoma 
4 (4.7)   Mucinous carcinoma 
3 (3.5)   Invasive lobular carcinoma 
1 (1.2)   Adenoid Cystic Carcinoma 

 
4 (4.7)   Adenocarcinoma of the breast 

Grade of cancerous lesions 
15 (19.2)   1 
35 (44.9)   2 
28 (35.9)   3 

Immunohistochemistry 
 ER 
44 (51.2) 
19 (22.1) 

  high positive (90% ≤)  
  low positive (5-80%) 

13 (15.1)     70-80% 
1 (1.2)     40-60% 
5 (5.8)     5-30%   
9 (10.5)   negative 
 PR 
37 (43) 
22 (24.6) 

  positive high (90% ≤) 
  positive low (5-80%) 

13 (15.1)    70-80% 
5 (5.8)    40-60% 
4 (4.7)     5-30%  
16 (18.6)   negative 
 Her2 
11 (14.7)   Overexpression (3+) 
64 (85.3)   Otherwise 

Molecular subtypes 
41 (55.4) Luminal A 
14 (19.1) 
7 (9.6) 

Luminal B (Her2 negative) 
Luminal B (Her2 positive) 

3 (4.1) Her2 enriched 
8 (10.8) Triple negative 

Radiologic 
Breast density 

7 (8.2) 
26 (30.6) 
28 (32.9) 
23 (27.1) 

 A 
 B 
 C 
 D 

Tumor density 
26 (33.8) 
51 (66.2) 

  Isodense or low 
  high 

Tumor margin 
24 (30.8) 
10 (12.8) 
44 (56.4) 

  Ill-defined or indistinct 
  Micro-lobulated 
  Spiculated 
 
The mean age (SD) in density categories of A, B, 

C and D were 66 (6.9), 58 (9.0), 50 (9.9), and 46 (6.5) 
years, respectively. Among the demographic 
variables, there were significant negative relations 
between PD and age (rs= -.052, P<0.001), and 
between PD and breast mean pixel area (rs= -0.6, 
P<0.00001). A significant relationship between the 

age variable and PD, age and several mammography 
histogram variables including the median (P<0.001), 
interquartile range (P<0.001), kurtosis (P<0.001), 
maximum (P<0.001), minimum (P<0.001), standard 
deviation (P=0.001), skewness (P<0.001), and energy 
(P=0.003) was also evident. In addition, a significant 
difference was present between the PD and number of 
pregnancies (P=0.04), but this was not significant 
when controlled for age. No relationship was 
observed between density and first pregnancy age, 
menarche, family history of breast cancer, or OCP 
consumption. Also, the relationship between tumor 
margin and age or other demographic variables was 
not statistically significant. 

 
Pathology and demographics 
In the studied population, the percentage of ER 

and PR decreased with age, but this was not 
statistically significant. The mean age in Her2 
overexpressed cases was lower than the mean age in 
otherwise Her2 state, F (1, 73) = 5.7, P = 0.02, 46 
years vs. 54 years. No significant relationship was 
detected between tumor subtype and family history of 
breast cancer.  

 
Radiological features and breast density 
Correlations between the PD and FOSFs are 

shown in Table 4. Subsequently, the PD and selected 
FOSFs from the ACNOVA (Table 2), were used to 
discriminate each BI-RADS density category from 
others. The classification accuracy of the LDA and 
SVM classifiers are presented in Table 3 which 
demonstrates the highest (> 90%) accuracy was via 
SVM and a category. The rank feature function 
showed that the most important FOSFs for class 
discrimination was interquartile range for a and c, but 
PD and energy came second for each accordingly. 
The key feature of d was Maximum, and PD for b, 
both followed by skewness.  No statistically 
significant relationship was found between the 
categories of breast density and tumor density or 
margin (P=0.49, P=0.08). 

 
Radiological features and pathology 
ANCOVA test with age and mammographic area 

as covariates showed that molecular subtype, ER 
status, or Her2 overexpression of the tumor were not 
differentiated by PD. The tumor subtypes were not 
related to the tumor margin, but a significant 
relationship between Her2 overexpression and tumor 
margins of micro-lobulated, ill-defined, and 
spiculated margins existed, χ2(2)= 9.86, P=0.007. A 
nominal logistic regression model for tumor margin 
prediction of hormone receptor expression (negative, 
low positive, high positive) was statistically 
significant for tumor margin expressing PR, 
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indicating that if the margin is spiculated, the 
probability of highly positive (90% and above) 

expression compared to PR negative is of OR= 6.25, 
(CI 1.23—31.84), P=0.03. 

 
Table 2. One-way analysis of covariance of breast density categories on first-order statistical features and percentage 
density of the mammogram 

  mammographic breast density 
categories 

   

variables a b c d F (3, 75) p post hoc 
 

ad
ju

st
ed

 m
ea

ns


 

percentage 
density 

17.57 14.14 18.4 28.06 7.38 < 0.001 b < d**, c < d** 

interquartile 
range 

0.35 0.22 0.36 1.22 7.09 < 0.001 b < c**, b < d**, c < d** 

median -0.42 -0.36 -0.43 -0.57 5.09 0.003 b > d**, c > d* 
energy 1579 2176 2078 2029 4.94 0.003 a < b**, a < c* 
maximum 2.63 3.11 2.7 2.03 5.16 0.03 b > d**, c > d** 
skewness 1.83 2.18 1.86 1.19 5.73 0.001 b > d**, c > d* 

*P<0.05, **P<0.01,  age and area of the breast as covariates. 
 

Table 3. Classification accuracy to discriminate each BI-
RADS category from other groups based on first order 
statistical features. 

 Classification categories versus 
others 

 a b c d 
Linear 
discriminant 
analysis 

53.01 66.27 50.6 81.93 

Support vector 
machine 

91.57 72.29 67.47 83.13 

 
An ordinal regression model of margin spiculation 

predicting a five-level low to high ranks of hormone 
receptor percentage, adjusted for age, breast area, 
density percentage, and FOSFs, showed that the 
proportional odds model for PR had a negative effect 
β= -2.06 which was statistically significant according 
to Wald test with P = 0.0004 (Table 4). 

When comparing non-spiculated mass to 
spiculated mass, the cumulative odds ratio was 0.13, 

which means that there is an OR equal to 7.85 (CI 2.5- 
24.78) higher chance to have PR positive tumors with 
higher receptor expression. The similar regression 
was not significant for ER positive percentage ranks 
(P= 0.21). 

 
DISCUSSION 
The findings of this study showed some 

associations between demographic, radiological, and 
pathological features of the breast composition and 
the  tumor.  PD significantly correlated   with   most 
FOSFs of the mammogram, and FOSFs of histograms 
used by the SVM algorithm, besides PD, could 
discriminate a or d BI-RADS density groups from 
others with an acceptable accuracy. Also, the 
spiculated border of the tumor could predict higher 
PR percentage positivity when the images were 
adjusted for age, area of the breasts, and FOSFs.  

 

 
Table 4. Spearman’s correlations of the features of the mammographic histogram 
  Density first-order statistical features 

D
en

si
ty

 

 
percent 

Interquarti
le range Median Energy Kurtosis Maximum Mean Minimum Skewness 

Standard 
Deviation 

percent 1 .748** -.910** -.625** -.977** -.979** .090 .953** -.974** -.678** 

fir
st

-o
rd

er
 st

at
is

tic
al

 fe
at

ur
es

 

Interquartile 
range  1 -.705** -.478** -.754** -.753** .067 .770** -.753** -.415** 

Median   1 .549** .927** .924** -.098 -.944** .921** .666** 
Energy    1 .618** .621** .152 -.606** .645** .237* 
Kurtosis     1 .999** -.149 -.972** .996** .670** 
Maximum      1 -.127 -.973** .996** .675** 
Mean       1 .128 -.109 -.014 
Minimum        1 -.968** -.687** 
Skewness       1   .637** 
Standard 
Deviation          1 

*P<0.05, **P<0.01 
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The relationship between age and PD or FOSFs 
suggests an effect of breast texture change by age. As 
it has been studied extensively11,21, breast 
composition is affected by factors such as age and 
body mass index (BMI), hormone intervention, 
growth factors, and nutrition. Although genetic 
factors may explain the majority of the etiology of 
breast density, only few genes have been detected so 
far, whose proliferative activity is linked to breast 
dense composition and carcinogenesis as well. The 
acquired factors are estimated to explain 20-30% of 
etiology of breast density and some are shared with 
cancer etiology,11  

Our findings did not suggest any link between 
hormone receptor positivity of cancer and dense 
breasts. Previous studies have inconsistently 
indicated that high breast density seems to increase 
the risk of all breast cancer subtypes16,23, but several 
studies indicate a stronger link between hormone 
positive breast cancers and breast density. A number 
of normal breast epithelial cells express PR and ER, 
which are involved in growth and proliferation. 
Blocking hormone receptors can reduce both cancer 
incidence and breast density. Moreover, there is 
evidence that at least some microenvironmental 
factors such as collagen type 1, small leucine-rich 
proteoglycans, high expression of DNA damage 
response genes, and downregulation of CD36 are 
etiologies shared for breast density and cancer24 many 
of which are more or less thought to be mediated by 
hormone receptors.8-10  

Patients who posed Her2 overexpressed tumors in 
our study were younger. Accordingly, some 
epidemiologic studies have shown that Her2 positive 
tumors, like other aggressive histologies, have a 
higher prevalence in young women in comparison 
with older patients25,26, but evidence is limited, in 
particular, across various ethnicities. Another finding 
of this study was that Her2 overexpression had a 
moderate effect on the tumor margin, and tumor 
spiculation could predict the higher percentage of PR 
expression. Manifestations of different molecular 
subtypes of breast tumors have been radiologically 
described. Our findings from the logistic regression 
were in agreement with those studies which associate 
margin spiculation with positivity of hormone 
receptor markers. Similar studies have evaluated this 
relation in which different cut-off values of IHC 
percentage were used to define the positivity of 
hormone receptors.27-31 Luminal type tumors are 
likely to form desmoplastic interactions with the 
surrounding stroma that cause the stretch of the 
Cooper’s ligaments causing margin spiculation.27,32 
Conversely, the frequency of spiculated margins is 
less in Her2 overexpressed32, or triple-negative 
tumors.28 Still Her2 positive tumors usually present 

with spiculated margins, while triple negative tumors 
are more likely to present with round borders 
resembling benign masses.33 Abundant PR is 
extremely rare when ER is negative, so most PR 
positive tumors express ER as well. PR is a predictive 
marker and absence of PR receptors even in the 
presence of ER is detriment to survival.34 Most 
invasive carcinomas express PRA isoform dominancy 
which is responsible for invasiveness via cross-
signaling with ER.35,36 Therefore, linkage of tumor 
features and PR can provide insights into the 
prognosis of the patient. 

We assume that FOSFs extracted by the 
algorithms are reproducible and operator-independent 
and the data of the combined histograms from all four 
mammographic views primarily represents the 
composition of the uncancerous breast tissue.11 
Mammograms with different texture in the normal 
population may show different susceptibility to 
cancer incidence. A study on screening mammograms 
indicated that a more uniform parenchyma and a 
higher density percentage were each independently 
proportional to the incidence of cancer. In a study, an 
unsupervised clustering could accurately stratify 
mammograms into four phenotypes based on 
radiomic complexity scores and density, in which 
subjects who were diagnosed with breast cancer had 
higher low-complexity and low- to intermediate- 
complexity phenotypes and those with very dense 
breasts were mostly in the minimum complexity 
group, so complexity was not directly related to 
density.15,18 Some studies attempted to find specific 
prognostic models to predict the incidence of ER 
positive cancer subtypes, which have been linked to 
breast dense composition.16,17 A case-control study 
indicated that a variance measure of mammographic 
histograms could act as a possible indicator of breast 
density with a stronger relationship to breast cancer 
incidence than the calibrated ‘percent glandular’.19 
Also, a larger study indicated that manual and 
automated percentage of breast tissue density as well 
as variance are independently related to breast 
cancer.37 The evidence may reflect carcinogenesis is 
proceeded by changes of breast composition 
parameters. 

Except for mean, minimum, and kurtosis which 
were supposed to be almost uniform in the 
standardized mammographic histograms, mean 
values of inter quartile range, skewness, median, 
maximum, and energy of the images were diverse 
across the categories of breast density. These 
variables were not accounted in the standard 
calculations of breast density but were representative 
of texture variability. The FOSFs besides PD could 
almost accurately discriminate BIRADS density 
groups, especially for categories a and d by the SVM 
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algorithm. SVM accuracy of over 80-90% for 
discrimination of categories a and d of breast density 
indicates that the FOSFs besides PD are generally 
informative and good at discriminating each of these 
categories from others. Although these features 
exhibited strong correlations (Table 5), the rank 
feature function demonstrated that their contributions 
to distinguishing between density categories are not 
equivalent. 

For instance, energy, a variable not so important 
for discriminating categories, correlated negatively 
with PD, and had a significant negative correlation 
with the minimum intensity as well, and a significant 
positive correlation with maximum and standard 
deviation. The sum of squared pixel raw intensities 
was used to calculate energy, while PD was calculated 
from the dense extreme end of the histogram. In other 
words, most of the energy reflects the fibro-glandular 
tissue in the mid-range of the histogram (Figure 1). 

Our study used the most basic features none of 
which accounted for local variation of the image. This 
may explain the low accuracy of SVM classification 
for discriminating categories b or c. Using more 
complex features, this function was able to accurately 
classify mammograms according to their breast 
density using gray level co-occurrence matrices 
texture features.38 One of the limitations of the current 
study was the retrospective nature of the data, small 
sample size, and relying on existing documented 
findings. 

Table 5. Ordered logistic regression of margin spiculation 
predicting progesterone receptor percentage 

Variables margin spiculation 
 Estimate SE P 
Threshold of PR 
percentage 

   

  negative 348.1 162.42 0.03 
  5-30% 348.5 162.43 0.03 
  40-60% 348.9 162.44 0.03 
  70-80% 349.9 162.47 0.03 
  ≥90%    
breast area  0.01 0.003 0.06 
age 0.01 0.03 0.77 
density percent 0.32 0.23 0.16 
interquartile range 0.49 0.60 0.41 
median 78.06 15.27 0.00 
energy -0.01 0.003 0.07 
kurtosis 2.16 1.09 0.05 
maximum -49.50 12.49 0.00 
mean -52.21 62.02 0.40 
skewness 13.04 7.50 0.08 
minimum -22.83 0.000 - 
standard deviation 378.55 168.52 0.03 
    
margin spiculation -2.06 0.58 0.0004 
non-margin 
spiculation 

0   

    
Model chi-square 28.77  0.007 
Nagelkerke 0.365   

 
Figure 1. Examples of left mediolateral oblique mammograms of two sample cases. Left-to-right images show automated 
edge detection and segmented dense clusters used for percentage density (PD) calculation, color wash density values, and 
normalized gray level histograms of all four mammogram views of two patients.  a) A Sixty-year old woman with mucinous 
carcinoma of the contralateral breast, grade 1, ER 90%, PR 90%, Her2 negative, Ki 67 10%, PD of 7.3%, energy of 34177, 
breast density category B, b) A thirty-eight year old woman with invasive ductal carcinoma of the contralateral breast, grade 
3. ER 90%, PR and Her2 negative, Ki67 25%, PD of 49.0%, energy of 17582, breast density category D. 
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Given the distribution of pathologic subtypes, 
studies with higher power in specific ethnic 
populations are required to enable analyses of 
subgroups. Despite high concordance of hormone 
markers in needle and surgical samples39, future 
studies may assess the reevaluation of negative 
hormone receptor stains or weak Her2 positive cases. 
The relationship between the radiological and 
morphological basis of the breast and tumor and PR 
positivity can be the subject of future epidemiologic 
studies. 

 
CONCLUSION 
The linkage between findings of imaging and 

pathology, although speculative at this stage, could 
potentially have implications to understand the 
pathogenesis of breast cancer. Moreover, it may 
inform future studies, particularly, about dense 
breasts in which the masking effect and higher risk of 

cancer may need enhancing filtered images or 
customized prediction models. 
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