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Prediction of malignancy upgrade rate in high-risk breast lesions using
an artificial intelligence model: a retrospective study

Ozge Aslan

Aysenur Oktay PURPOSE

Basak Katuk High-risk breast lesions (HRLs) are associated with future risk of breast cancer. Considering the
? pathological subtypes, malignancy upgrade rate differs according to each subtype and depends

Riza Cenk Erdur on various factors such as clinical and radiological features and biopsy method. Using artificial in-

OQUZ Dikenelli telligence and machine learning models in breast imaging, evaluations can be made in terms of

. risk estimation in different research areas. This study aimed to develop a machine learning model

Levent Yeniay to distinguish HRL cases requiring surgical excision from lesions with a low risk of accompanying

Osman Zekioglu AT

Stiha Sureyya Ozbek

METHODS

A total of 94 patients who were diagnosed with HRL by image-guided biopsy between January
2008 and March 2020 were included in the study. A structured database was created with clinical
and radiological characteristics and histopathological results. A machine learning prediction model
was created to make binary classifications of lesions as malignant or benign. Random forest, deci-
sion tree, K-nearest neighbors, logistic regression, support vector machine (SVM), and multilayer
perceptron machine learning algorithms were used. Among these algorithms, SVM was the most
successful. The estimations of malignancy for each case detected by artificial intelligence were
combined and statistical analyses were performed.

RESULTS

Considering all cases, the malignancy upgrade rate was 24.5%. A significant association was ob-
served between malignancy upgrade rate and lesion size (P = 0.004), presence of mammography
findings (P = 0.022), and breast imaging-reporting and data system category (P = 0.001). A statisti-
cally significant association was also found between the artificial intelligence prediction model and
malignancy upgrade rate (P < 0.001). With the SYM model, an 84% accuracy and 0.786 area-under-
the-curve score were obtained in classifying the data as benign or malignant.

CONCLUSION

Our artificial intelligence model (SVM) can predict HRLs that can be followed up with a lower risk
of accompanying malignancy. Unnecessary surgeries can be reduced, or second line vacuum exci-
sions can be performed in HRLs, which are mostly benign, by evaluating on a case-by-case basis, in

line with radiology-pathology compatibility and by using an artificial intelligence model.
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jacent breast malignancy.® They are detected
together with breast malignancy by imag-
ing-guided percutaneous breast biopsies as
well as by excisional biopsies and during sur-
gical procedures.>”# Additionally, HRLs are a
heterogeneous group of proliferative lesions
with variable malignant potential and can be
considered as falling in a“gray zone” between
benign and malignant lesions (Figure 1).

HRLs are associated with future breast
cancer risk and are precursors of breast car-
cinogenesis.>® Lesions defined as high-risk in
thick-needle biopsies [CNB and vacuum as-
sisted biopsy (VAB)] may upgrade to malig-
nancy when a surgical excision is performed.
The overall positive predictive value (PPV)
for malignancy is approximately 10-30%.
After detecting an HRL in a thick-needle bi-
opsy, a clinical decision is required between
surgical excision or follow-up of the lesion to
avoid unnecessary surgery due to the pos-
sibility of concomitant malignancy based
on radiology-pathology compatibility. As a
general approach, surgical excision is often
recommended for most of these lesions be-
cause of the risk of malignancy.’® However,
the malignancy upgrade rate of HRLs report-
ed in the literature is varied and depends on
various factors such as pathological subtype,
clinical and radiological features, and biopsy
method.? In recent studies, a case-by-case
approach was recommended. Upgrade rates
are higher in lesions with atypia compared
to other HRLs.” The Second International B3
Lesions Consensus Conference recommends
excision with vacuum biopsy as an alterna-
tive to open surgery in HRLs except atypical
ductal hyperplasia (ADH) and phyllodes tu-
mors."

The success of image-guided needle
biopsies depends on the evaluation after
the biopsy as well as the biopsy procedure.
When evaluating biopsy results, radiopatho-
logical compatibility is considered. Patholo-

* High-risk breast lesions are associated with
future risk of breast cancer.

* The malignancy upgrade rate of high-risk
breast lesions is diverse and depends on
several factors such as pathological sub-
type, clinical and radiological features, and
biopsy method.

* In high-risk lesions, which are mostly be-
nign, unnecessary surgeries can be reduced
or excision can be performed with second
line vacuum biopsy in line with radiolo-
gy-pathology compatibility and by using an
artificial intelligence prediction model.

gy results can be expected to adequately ex-
plain imaging findings.? A multidisciplinary
case-based approach is key to optimal pa-
tient care.?

Previous research suggests that artifi-
cial intelligence (Al) algorithms can support
breast radiologists in diagnosis, treatment,
and case follow-up management by using
large quantities of high-quality imaging data,
however more studies are needed into this.”
Using Al and machine learning models in
breast imaging, evaluations can be made in
terms of risk estimation in different research
areas.”” In the literature, there are many ex-
amples of successful computer-aided diag-
nosis systems that have used traditional ma-
chine learning and deep learning algorithms
to classify breast cancer.' However, there is
insufficient research into risk determination
in HRLs.

In this study, we aimed to develop a ma-
chine learning model to distinguish HRLs
with a low risk of accompanying malignan-
cy from cases requiring surgical excision. For
this purpose, a structured dataset consisting
of HRL patients with known surgical out-
comes was created. Then, a machine learning
model was trained with this dataset to devel-
op a model for classifying patients whose
surgical outcomes were unknown.

Methods

Approval for this study was obtained from
the ethics committee of our institution (ap-
proval no: 20-11.1T/42, date: 25.11.2020).
Before the biopsies were performed, the
procedure was explained to all patients, and
they signed a consent form. The pathology
results of 2.249 patients who underwent
image-guided thick-needle biopsy between
January 2008 and March 2020 in our breast

radiology clinic were retrospectively eval-
uated, and 120 patients diagnosed with
high-risk lesion were identified from these
cases. The pathology results of those who
underwent surgical excision and the radio-
logical follow-up results of those who were
followed-up without surgery were evalu-
ated. A total of 26 patients, who were fol-
lowed up for less than one year after having
a thick-needle biopsy or whose pathology
results were unknown were excluded from
the study. A structured database was creat-
ed with the following information: age at the
time of diagnosis, breast cancer history and
family history, age of menarche, hormonal
therapy history, other cancer history, smok-
ing status, lesion size, radiological imaging
features, breast imaging reporting and data
system (BI-RADS) category, biopsy type, nee-
dle thickness, sampling number (<4 or >4),
biopsy histopathology result, excision his-
topathology results, and follow-up findings
(Figure 2).

Mammographic images were obtained
with full-field digital mammography and
digital breast tomosynthesis mammograms
(Lorad Selenia and Selenia Dimensions, Ho-
logic). Stereotactic VABs were performed
on a prone table unit (Multicare Platinum;
Hologic), with a 9-G needle (Encore biopsy
probe; Bard). Magnetic resonance imagings
(MRI) were performed with 1.5T (Magnetom
Amira, Smphony Siemens) and 3T (Magne-
tom Verio Siemens) MRI devices using con-
ventional and dynamic contrast sequences.
Ultrasonography (US) and US-guided biop-
sy procedures were performed with Hitachi
and Siemens devices using a high-frequen-
cy linear probe. A 14-G needle was used in
US-guided thick-needle biopsy. The BI-RADS
category was determined according to the
American College of Radiology BI-RADS Atlas

High risk breast lesion subtypes

Ductal proliferative lesions

Atypical ductal hyperplasia (ADH),
Columnar cell lesions

Lobular proliferative lesions (Lobular
neoplasia)

Atypical lobular hyperplasia (ALH),
Lobular carcinoma n situ (LCIS)

Radial sclerosing lesions

Radial scar, complex sclerosing lesion

Papillary lesions

Intraductal papilloma, Atypical
mntraductal papilloma (AIP)

Cellular fibroepithelial tumor

Flat epithelial atypia (FEA)

Figure 1. Classification of high-risk breast lesion subtypes.
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5t edition classification, based on mammog-
raphy, US, and MRI findings.

Morphology and distribution features
of microcalcification, structural distortion,
asymmetry, and mass opacity were evalu-
ated in the mammography. Lesions were
classified as mass and non-mass (abnormal
echogenicity and structural distortion) find-
ings on the US and recorded. The presence
of mass and non-mass enhancement in the
MRI was evaluated. In cases diagnosed with
more than one HRL by biopsy, diagnoses
that included atypia and had a higher risk of

malignancy were accepted as the main le-
sion. Those who had a malignant diagnosis
(invasive ductal carcinoma, ductal carcinoma
in situ, or invasive lobular carcinoma) with
surgical excision were accepted as upgraded
to malignancy.

Patients with benign histopathology re-
sults and those who were stable in the long-
term follow-up were included in the benign
group, and those with a malignant excision
diagnosis were included in the malignant
group. The upgrade rate of existing HRLs to
malignancy in the Al prediction model was

2249 thick needle biopsy results (CNB and VAB)
between January 2008 and March 2020 were evaluated for high-risk breast lesion

120 high-risk breast lesions

detected

A total of 26 patients, who were
followed for less than 1 year after
thick needle biopsy or whose
pathology results were unknown,
were excluded from the study.

—

94 High risk breast lesions

(Age at diagnosis, breast cancer history and family history,
age of menarche, hormonal therapy history, other cancer
history, smoking status, lesion size, radiological imaging
features, BI-RADS category, biopsy type, needle thickness,
sample number, biopsy pathology result, excision pathology

A structured database was created

results, and follow-up findings.)

Figure 2. Flow chart of the steps followed while creating the database. CNB, core needle biopsy; VAB,
vacuum assisted biopsy; BI-RADS, breast imaging reporting and data system.

Pre-processing of data

[ 1

MOmETcH date Categorical data

(Age, lesion diameter,
age of menarche)

Digitization

]

defined from the highest to the lowest, con-
sidering the ranges specified in the literature
[ADH > atypical intraductal papilloma (AIP) >
lobular neoplasia > radial scar > intraductal
papilloma without atypia].?”'>1

Artificial intelligence model technique

Libraries and technologies used

Python programming language and relat-
ed libraries (Numpy, Pandas, and Scikit-learn)
were used in data preprocessing and training
the machine learning algorithms.

Pre-processing of data

Data were preprocessed prior to the cre-
ation of the Al prediction model. The data
set contained columns with numerical data
and categorical data. Pre-processing steps
were carried out on these columns. In the
preprocessing stage, categorical data were
digitized, and all data were normalized. For
digitization, a one-hot encoding scheme or a
custom encoding scheme was used depend-
ing on the type of categorical data (nominal
or ordinal) (Figure 3).

For example, in the mammography find-
ings column, which contains nominal cate-
gorical data, one-hot vectors were created
for each of the column values of asymmetry,
mass opacity, microcalcification, and struc-
tural distortion (Figure 3). These vectors were
added to the data set as a new feature, and
the original column was removed from the
dataset.

Categorical features in the dataset and their preprocessing steps

Nominal

One hot encoding
scheme

Categorical Feature Type Preprocessing

Risk (Binary) Binary Positive:1, Negative: 0

Mammographic finding ~ Nominal One-hot encoding scheme was used for
asymmetry, mass, microcalcification, and
structural distortion values.

Microcalcification Nominal One-hot encoding scheme was used for

morphology amorphous, coarse heterogeneous, suspicious
on follow-up, fine linear branching, and fine
pleomorphic values.

Microcalcification Nominal One-hot encoding scheme was used for

distribution microcalcification values in cluster,
segmental, regional, and multigroups.

Ultrasonography finding  Nominal One-hot encoding scheme was used for mass
and non-mass finding values.

BI-RADS category Ordinal A custom encoding scheme was used for BI-
RADS3:1, BI-RADS4a:2,

Ordinal BI-RADS4b:3, BILRADS4c:4,
BI-RADSS:S.
; Biopsy histopathology Ordinal A custom encoding scheme was used: IP:1,
Costom encoding result RS: 2, LN:3, AIP:4, ADH:5.
Hormonal therapy Binary Positive:1, Negative:0
scheme — - = —
Family history Binary Positive:1, Negative:0

IP: Intraductal papilloma without atypia; RS: Radial scar; LN: Lobular neoplasia; AIP: Atypical intraductal

papilloma; ADH: Atypical ductal hyperplasia.

Figure 3. Categorical features in the dataset and their preprocessing steps.
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In the BI-RADS category column, which
contains ordinal categorical data, a custom
encoding scheme was used to match BI-
RADS3:1, BI-RADS4a:2, BI-RADS4b:3, BI-RAD-
S4c:4, and BI-RADS5:5. Minimum-maximum
normalization was used for normalization of
the data.

Machine learning model development

The data passed through the preprocess-
ing stage were divided into training and test
datasets. The test data set comprised 20% of
the entire data set (19 samples). In splitting
the dataset, the proportions of samples in
each class observed in the original dataset
were preserved, and a stratified train-test
split was applied.

The prepared data sets were used to cre-
ate a machine learning prediction model to
make binary classification as “malignant”
or “benign” Random forest, decision tree,
K-nearest neighbor, logistic regression, sup-
port vector machine (SVM), and multilayer
perceptron machine learning algorithms
were run with the training data set, and their
performances were measured with the test
data set (Figure 4). In the specified machine
learning algorithms trained by hyperparam-
eter optimization and using cross-validation,
the models were compared by looking at
the accuracy and area under the curve (AUC)
score. Although the AUC scores of the logis-
tic regression (0.743) and SVM (0.786) mod-
els are relatively close, SYM made a more ac-
curate prediction for the “malign” samples. In
addition, the accuracy of SVM (0.84) was 0.05
points higher than the logistic regression
(0.79). The AUC score and accuracy of the
K-nearest neighbor model was lower than
the SVM model (Figures 5-7).

The SVM, which gave the most successful
results, was selected. For the hyperparame-
ters of the SVM algorithm, the C, gamma, and
kernel parameters were optimized for various
values (Figure 4). In the fine-tuning of the hy-
perparameters, five-fold cross-validation was
performed with the grid search algorithm.

The performance of the SVM classification
model was measured by using the metrics
accuracy, sensitivity, specificity, and F1 Score
(Figure 5), and a confusion matrix was ob-
tained (Figure 6). The AUC score of the model
was then calculated (Figure 7).

The estimation of malignancy of each
case detected by Al and clinical and radiolog-
ical case features were combined and statis-
tical analyses were performed with the IBM
SPSS 25.0 program.

High risk breast lesions
(n=94)

Training set Test set
n =75 (80%) n= 19 (20%)

Malignant group Malignant group

Benign group Benign group

Random Forest, Decision Tree, K- Nearest Neighbors,
Logistic Regression

Support Vector Machine

Multi Layer Perceptron algoritms

The performances
of the algorithms
were evaluated with[ |

the test set.
Artificial intelligence model hyperparameters
Training with
Hyperparameter | Used Values
hyperparameter
optimization and cross- c [0.001, 0.1, 1, 10, 100, 1000]
validation Gamma ['scale’, "auto’]
Kernel ['linear’, "poly’, ' rbf ', 'sigmoid']

Algorithm with the best AUC
score and accuracy : SYM
model

Figure 4. Machine learning model development stages. AUC, area-under-the-curve; SVM, support vector
machine.

Best Parameters for Logistic regression (random_state=0): [‘clf C’:10, “clf _solver’:'scale’. “Newton-cg’]

Detailed calassification report:

precision recall  fl-score  support
Benign 0 0.78 1.00 0.88 14
Malignant 1 1.00 0.20 033 5
Accuracy 0.79 19
Macro avg 0.89 0.60 0.60 19
Weighted avg 0.84 0.79 0.73 19

Best Parameters for K-Neighbours Classifier(): ['clf _ algortihm™: “auto’. ‘clf _n_neighbours™3, “clf_ p™:2. “clf weights’:"uniform’]

Detailed classification report:

precision recall  fl score support
Benign 0 0.76 0.93 0.84 14
Malignant 1 0.50 0.20 029 )
Accuracy 0.74 19
Macro avg 0.63 0.56 0.56 19
Weighted avg 0.70 0.74 0.69 19

Best Parameters for Support Vector Machine (probability=True. random state=0):["clf C’:1, “clf gamma:"scale’, “clf kerel’:""poly’]

Detailed calassification report:

precision recall fl-score  support
Benign 0 0.82 1.00 0.90 14
Malignant 1 1.00 0.40 0.57 5
Accuracy 0.84 19
Macro avg 091 0.70 0.74 19
Weighted avg 0.87 0.84 0.82 19

Figure 5. Logistic regression, support vector machine, and K-nearest neighbors model detailed classification
reports.

The estimation of malignancy upgrade Statistical analysis
was evaluated in all cases according to each

HRL pathological subtype. The distribution of cases across the age

groups was expressed as the mean + stan-
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Figure 6. Confusion matrices of the logistic regression, support vector machine, and K-nearest neighbors.

ROC AUC = 0.743 Logistic regression
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Figure 7. Logistic regression, support vector machine, and K-nearest neighbors algorithm area-under-the-
curve scores. AUC, area-under-the-curve; ROC, receiver operating characteristic curve; SVM, support vector

machine.

dard deviation, and categorical data were ex-
pressed as frequencies (n) and percentages
(%). All statistical analyses were performed
with SPSS software version 25.0 (IBM). Kolm-
ogorov-Smirnov and Shapiro-Wilk tests
were used to assess the normal distribution
of data. Pearson’s chi-square and Fisher’s
exact tests were employed to compare the
malignancy upgrade rate and Al SYM mod-
el assessment. Student’s t-tests were used to
compare differences in continuous variables.
Pearson’s chi-square test was used to eval-
uate the relationship between the Al SVM
model assessment and radiological-clinical
features of cases.

Results

In the 94 female patients, the mean age
was 47.22 + 10.7; range: 17-73 years, the
mean lesion size was 1.8 + 4.9 cm; range:
5-100 cm, and the mean age of menarche
was 13.26 + 1.4; range: 10-18 years.

A rate of 25.5% (n = 24) of the patients

had a positive family history of breast can-
cer. Hormonal therapy was applied in 26.6%
(n = 25). When evaluated in terms of family
history, hormonal therapy, previous breast
cancer and HRL history, risk factor status of
breast cancer was positive in 35% (n = 33) of
the patients. There was a history of smoking
in 36% (n = 34). Considering the imaging
characteristics, 53% (n = 50) had positive
mammography findings (microcalcification,
asymmetry, structural distortion, and mass
opacity). Suspicious microcalcification was
present in 31% (n = 29). The most common
microcalcification morphology was amor-
phous (14%; n = 13), and the most common
distribution pattern was clustered type (17%;
n = 16). The most common BI-RADS category
was 4A (55.3%; n=52). US findings [53% (n =
50) with a mass and 22% (n = 21) without a
mass] were observed in 75.5%. MRI findings
[20.2% (n = 19) mass enhancement or 21.3%
(n = 20) non-mass enhancement] were pres-
ent in 41.5% of the cases (Table 1). Of the
mass-shaped lesions (n = 19), 47.4% (n = 9)
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Malignant 3 2

Confusion Matrix of Support Vector Machine (SVNM)
14

Benign

True Label

Benign Malignant

Predicted Label

had smooth contours and 52.6% (n = 10) had
irregular contours in MRI. In the pharmaco-
kinetic evaluation of lesions, 92.3% (n = 36)
type-1 and type-2 curves and 7.7% (n = 3)
type-3 curve patterns were observed.

Mammaography-guided (stereotactic) VAB
was performed on 25.5% (n = 24) of the pa-
tients, and US-guided CNB was performed
on 75.5% (n=70).Vacuum biopsies were per-
formed using 9-G needles, and 14-G needles
were used in CNBs. The number of samples
was below four in 20% of the patients and
four or more in 80% of the patients (Table 1).

According to the thick-needle biopsy his-
topathology results, the pathological sub-
types of the cases were ADH (44.7%; n = 42),
intraductal papilloma (37.2%; n = 35), AIP
(10.6%; n = 10), radial scar (5.3%; n =5), and
lobular neoplasia (2.1%; n = 2). Of the cases,
84% were removed by surgical excision, and
16% were followed up. Of the 79 excised
cases, 41% were diagnosed as benign, 30%
with atypia, and 29% as malignant. Fifteen
patients who were followed up without sur-
gery were stable in clinical and radiological
follow-up, and these cases were placed in the
benign group.

Considering all cases, the malignancy up-
grade rate was 24.5% (n = 23). According to
the pathological subtypes, the malignancy
upgrade rates were 50% (n = 1) for lobular
neoplasia, 40% (n = 2) for radial scar, 31% (n
= 13) for ADH, 30% (n = 3) for AIP, and 11.4%
(n = 4) for intraductal papilloma (Table 2).

When evaluated with Pearson’s chi-square
test for the upgrade rate to malignancy with
all variables, a statistically significant associa-
tion was found with the variables of BI-RADS
category, lesion diameter, and presence of
mammographic findings (P < 0.05; Table 3).
No statistically significant relationship was
found between family history and smoking
and upgrade to malignancy (P = 0.631, P =
0.247, respectively).

Aslan et al.



Table 1. Benign and malignant lesion distribution characteristics

Malignant

SVM model prediction

Total
group group result (n)
n (%) n (%) Wrong Right n (%)

CNB 55 (59) 15 (16) 8 62 70 (74)
Biopsy type

VAB 16 (17) 8(9) 1 23 24 (26)
e Positive 25 (27) 8(9) 1 32 33(35)

is

Negative 46 (49) 15 (16) 8 53 61 (65)

9G 16 (17) 8(9) 1 23 24 (26)
Needle thickness

14 G 55 (59) 15 (16) 8 62 70 (74)

<4 15 (16) 4 (4) 3 16 19 (20)
Sampling number

>4 56 (60) 19 (20) 6 69 75 (80)

<1.5cm 46 (49) 7 (7) 4 49 53 (56)
Lesion diameter

>1.5cm 25 (27) 16 (17) 5 36 41 (44)

Microcalcification 19 (40) 10(21) 1 28 29 (62)
Mammography finding Mass 6(13) 3(6) 1 8 9(19)

Non-mass 6(13) 3(6) 2 7 9(19)

Mass 40 (56) 10 (14) 4 46 50 (70)
US finding

Non-mass 14 (20) 7 (10) 4 17 21 (30)

Mass 16 (41) 3(8) 1 18 19 (49)
MRI finding

Non-mass 13 (33) 7(18) 5 15 20(51)

ATETENOVE, @Ol 11(38) 4(14) 1 14 15 (52)

heterogeneous
Microcalcification morphology N "

Fine linear branching, 8(28) 621) . 14 14 48)

fine pleomorphic

CNB, core needle biopsy; VAB, vacuum assisted biopsy; SVM, support vector machine; US, ultrasonography; MRI, magnetic resonance imaging.

Table 2. Distribution characteristics of pathological subgroups and malignancy upgrade
rates

Pathologic subgroups Benign Malignant Total n (%) Malignancy
group n (%) group n (%) upgrade rate (%)

IP 31(33) 4(4) 35(37) 11.4

ADH 29 (31) 13 (14) 42 (45) 31

AIP 7(7) 3(3) 10(11) 30

Radial scar 3(3) 2(2) 5(5) 40
Lobular neoplasia 1(1) 1(1) 2(2) 50

Total 71 (76) 23 (24) 94 (100) 245

IP, intraductal papilloma without atypia; ADH, atypical ductal hyperplasia; AIP, atypical intraductal papilloma.

Table 3. Variables that have a statistically significant relationship with malignancy upgrade
rate

Benign Malignant

0
qroURinis) groUpIEe) Totaln (%) P value
3-4A-4B 64 (68) 14 (15) 78 (83)
BI-RADS category 0.003
4C-5 7(7) 9(10) 16 (17)
<1.5cm 46 (49) 7(7) 53 (56)
Lesion diameter 0.004
>1.5cm 25(27) 16 (17) 41 (44)
Positive 33(35) 17 (18) 50 (53)
Mammographic finding 0.022
Negative 38 (40) 6 (6) 44 (47)

BI-RADS, breast imaging reporting and data system.

The Al analysis identified 85 cases correct-  certain hyperparameters, had 84% accuracy

ly and 9 cases incorrectly (Tables 1 and 4).
The SVM Al model, which was trained using

(Figure 5) and an AUC score of 0.786 (Figure 7)
in classifying the data as benign or malignant.

No statistically significant difference was
found between needle thickness/biopsy
type and erroneous Al estimation (P = 0.297).

A statistically significant difference was
found between the Al prediction and the
malignancy upgrade rate of the patients (P <
0.001). The sensitivity of the malignant case
prediction set of the Al model was 60.87%,
the specificity was 100%, PPV was 100%, and
negative predictive value was 88.75%.

Discussion

The most significant problem in the man-
agement of HRLs is upgrading to malignan-
cy. The upgrade rate to malignancy in this
study was 24.5%, which is similar to the rates
reported in the literature.”

Considering pathological subtypes, the
rate of upgrade to malignancy differs ac-
cording to each subtype. The malignancy
upgrade rate of ADH, which was the most
common lesion subtype among our cases,
was similar to the literature. A wide range of
malignancy upgrade rates for ADH and AIP
has been reported in the literature.?’ In this
study, for AIP, as in ADH, there were errone-
ous Al predictions in three of the patients,

Prediction of malignancy upgrade rate in high-risk breast lesions - 265



Table 4. Distribution characteristics of pathological subgroups malignancy upgrade rates
and the accuracy of the SVM model in subtypes

Pathologic subgroup

ADH (n =42)
AIP (n=10)
LN (n=2)

RS (n=5)

IP (n=35)
Total

True malignancy SVM model SVM
upgrade rates malignancy model
n (%) upgrade rates accuracy

n (%) (%)
13(31) 10(23.8) 92.8
3(30) @ 70
1(50) 1(50) 100

2 (40) = 60
4(11.4) 3(8.6) 97.1
23 (24.5) 14 (14.9) 90.4

ADH, atypical ductal hyperplasia; AP, atypical intraductal papilloma; LN, lobular neoplasia; RS, radial scar; IP,
intraductal papilloma without atypia; SVM, support vector machine.

and biopsies were performed with tru-cut in
both groups.

The malignancy upgrade rates for radial
scar and lobular neoplasia were in the upper
limit of the rates stated in the literature.” This
may be due to the low number of cases in
these subgroups.

The SVM model made an incorrect predic-
tion in nine malignant cases in total (Tables
1 and 4). One of these cases was diagnosed
by VAB with a 9-G needle, and all others were
diagnosed by CNB with a 14-G needle. No
statistically significant correlation was found
between needle thickness/biopsy type and
erroneous Al estimation, but the low num-
ber of cases is a limitation in the evaluation
of this variable. In the study of Bahl et al.”?,
which included 1,006 HRLs, the Al prediction
model had a prediction accuracy of 97.4% in
malignant cases and 69.4% in benign cases,
and they reported that unnecessary surger-
ies could be reduced in benign cases. In the
present study, the Al model made a correct
prediction in all cases that were diagnosed as
benign by surgical excision and considered
as stable in long-term follow-up. More than
half of the patients who underwent surgical
excision were diagnosed as benign. Consid-
ering the radiopathological fit and Al model
estimation, if these cases had been followed
up radiologically and clinically, the rate of un-
necessary surgery could have been reduced
by 71%.

The majority of HRLs are benign but most
are surgically excised because of the associ-
ated risk of malignancy. Post-biopsy evalua-
tion and biopsy procedure are important in
the management of these lesions.”"

Comparable to the literature, there was a
statistically significant relationship between
VAB as a biopsy guide method, 9-G needle
thickness, and sufficient number of samples

with the malignancy upgrade rate. In cases
that have these features, a more appropriate
decision can be made in terms of follow-up
and excision. In order to increase the correct
prediction rates with the Al model, studies
containing more cases and data sets are
needed.

There are some further limitations to this
study. Firstly, it is a retrospective study. The
differences in the number of pathological
subtypes and the low number of patients
were our biggest limitations. Significant re-
sults could not be obtained in many statis-
tical analyses due to the differences in the
number of pathological subtypes such as
lobular neoplasia and radial scar, and the
low number of cases. In addition, due to the
small number of cases and the limited num-
ber of histopathological features in terms of
the degree of atypia, a clear analysis of the
variables that may be effective in the errone-
ous predictions of the SVM model could not
be made. For this reason, better statistical
results can be obtained by adding features
such as the degree of pathological atypia,
which will further strengthen the data set,
and by including more patients.

In conclusion, this study’s Al model (SVM)
can predict HRLs that can be followed up
with a lower risk of accompanying malig-
nancy. Both ADH and AIP cases should be
surgically excised because of the high risk
of malignancy associated with them. Apart
from these subtypes, HRLs, which are mostly
benign, can be evaluated on a case-by-case
basis, in line with radiology—pathology com-
patibility and using an Al prediction model,
to reduce unnecessary surgeries, or excision
can be performed with second-line VAB.
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