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Abstract

Purpose: The aim of this study is to investigate the value
of radiomics analysis on T2-weighted Magnetic Resonance
imaging (MRI) images in differentiating classical and non-
classical polycystic ovary syndrome (PCOS).

Materials and Methods: A total of 202 ovaries from 101
PCOS patients (mean age of 2314 years) who underwent
pelvic MRI between 2014 and 2022, were included in the
study. Of the patients, 53 (52.5%) were phenotype A, 12
(11.9%) were phenotype B, 25 were phenotype C (25.1%),
and 11 were phenotype D (10.9%). 130 (64.4%) of the
ovaries were classical PCOS, 72 (35.6%) were non-classical
PCOS. The ovaries were manually segmented in all axial
sections using the 3D Slicer program. A total of 851
features were extracted. Python 2.3, Pycaret library was
used for machine learning (ML) analysis. Datasets were
randomly divided into train (70 %, 141) and test (30 %, 61)
datasets. The performances of ML algorithms were
compared with AUC, accuracy, recall, precision and F1
scores.

Results: Accuracy and AUC values in the training set
ranged from 57%-73% and 0.50-0.73, respectively. The
two best ML algorithms were Random Forest (rf)
(AUC:0.73, accuracy:73%) and Gradient Boosting
Classifier (gbc) (AUC:0.71, accuracy:70%). AUC, accuracy,
recall and precision values and F1 score of the blend model
obtained from these two models were 0.70, 73 %, 56 %,
66%, 58%, respectively.

Conclusion: Radiomic features obtained from T2W MRI
are successful in distinguishing between classical and non-
classical PCOS.
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Oz

Amag: Bu calismanin amaci, klasik ve klasik olmayan
polikistik over sendromunu (PKOS) ayirmada T2 agirliklt
Manyetik Rezonans goriintileme (MRG) gériintiileri
tizerinde radyomik analizin degerini arastirmaktir.

Gereg ve Yontem: Calismaya 2014-2022 yillari arasinda
pelvik MRG ¢ekilen 101 PKOS hastasina ait (ortalama yas
231+4) 202 over dahil edildi. Hastalarin 53"0 (%52,5)
fenotip A, 12'si (%11,9) fenotip B, 25" fenotip C (%025,1)
ve 11'1 (%10,9) fenotip D idi. Overlerin 130'u (%64,4)
klasik PKOS, 72'si (%35,6) klasik olmayan PKOS idi.
Ovetler 3D Slicer programi kullanilarak tim aksiyel
kesitlerde manuel olarak segmente edildi. Toplam 851
Ozellik ¢ikarildi. Makine 6grenimi (ML) analizi i¢in Python
2.3, Pycaret Library programi kullanidi. Veri kiimeleri
rastgele egitim (%70, 141) ve test (%30, 61) veri
kiimelerine bélindi. ML algoritmalarinin performanslari
AUC, dogruluk, hatirlama, kesinlik ve F1 puanlariyla
karsilastirildi.

Bulgular: Egitim setindeki dogruluk ve AUC degerleri
sirastyla %57-%73 ve 0,50-0,73 arasindaydi. En iyi iki
makine 6grenimi algoritmast Random Forest (rf)
(AUC:0,73, dogruluk: %73) ve Gradient Boosting
Classifier (gbc) (AUC:0,71, dogruluk: %70) idi. Bu iki
modelden elde edilen harman modelinin AUC, dogruluk,
hatirlama ve kesinlik degerleri ile F1 puani sirastyla 0,70,
%73, %56, %066, %58 olarak bulunmustur.

Sonug: T2A MR'dan elde edilen radyomik 6zellikler klasik
ve klasik olmayan PKOS ayriminda faydalidir.

Anahtar kelimeler: Polikistik over sendromu, fenotipler,
manyetik rezonans gorintileme, makine 6grenimi,
radyomik, doku analizi
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INTRODUCTION

Polycystic  ovary  syndrome (PCOS) is a
heterogeneous disease characterized by ovarian
dysfunction and hyperandrogenism. In addition to
affecting the reproductive system, obesity is
associated with insulin resistance, type 2 diabetes
mellitus, dyslipidemia and metabolic syndrome 1.

The clinical presentation varies over a widely. Most
patients exhibit irregular menstrual cycles, acne,
hirsutism, obesity and insulin resistance. However,
some patients only have dysfunctional ovaries with
polycystic ovary morphology (PCOM)'2. Due to this
broad clinical spectrum confuses diagnosis,
phenotypes of PCOS were established. In 2012, four
phenotypes were defined by the NIH consensus
panel: A, B, C, and D 3. Identifying phenotypes is
crucial as treatment approach vaties!.

Diagnosis  involves menstrual  irregularity,
hyperandrogenism (clinical or biochemical) and the
presence of PCOM on ultrasound (US)%
Transvaginal US reveals 12 or more follicles with a
diameter of 2-9 mm and an ovarian volume of more
than 10 cm?® are indicative of PCOM>8. MRI is a
useful and reliable test in obese and young patients
when transabdominal US is insufficient in and vaginal
probes cannot be used®!*. T2W images on MRI can
successfully depict the morphology and internal
structure of the ovary in PCOS!>14, Increased ovarian
volume, an abundance of immature follicles
peripherally distributed are the diagnostic criteria for
PCOS. It is suggested that MRI is more sensitive than
US in determining ovarian volume and follicle
number®1215, Some argue that with MRI, PCOS can
be diagnosed earlier in obese patients, enabling earlier
treatment and prevention of complications!-2,

Radiomics is a technique that derives a
comprehensive set of imaging features are derived
from a specific region of interest!. Extracted features
include volume, shape, surface, density and intensity,
texture, spatial location, and relationships with
adjacent tissues. First-order features provide
information about pixel intensity, while second-order
features describe the relationship between pixels and

voxels!7.

The clinical presentation of PCOS is heterogeneous
and varies according to phenotypes. Typical findings
of PCOS are observed in Phenotypes A and B,
considered classical PCOS. In phenotypes C and D,
the findings are milder describing nonclassical PCOS.
The value of radiological findings in distinguishing
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between classical and nonclassical PCOS is not clear.
Our aim in this study is to investigate the
performance of radiomic features obtained from T2-
weighted (T2W) MR sequences in differentiating
classical PCOS and non-classical PCOS using
machine learning (ML) analysis.

MATERIALS AND METHODS

Ethics committee approval was obtained from our
institution for this retrospective study (Kartal Doctor
Lutfi Kirdar City Hospital, date: 29.05.2023, approve
no: 202351425035). Informed consent was not
obtained from the patients, as it was a retrospective
study.

Study population

Female patients who were diagnosed with PCOS in
the endocrinology department of Kartal Doctor Litfi
Kirdar City Hospital between January 2014 and June
2022, and who underwent pelvic MRI, were filtered
from the hospital database. Pelvic MRI was
performed for reasons other than PCOS diagnosis,
such as pelvic pain and inflammatory bowel disease
that could not be diagnosed with US. Patients who
did not undergo pelvic MRI were excluded from the
study.

The diagnosis of PCOS was made by
endocrinologists with 10 and 7 years of experience in
the field of PCOS. PCOS diagnosis was accepted as
PCOS if at least two of the Rotterdam criteria (a)
oligo or anovulation, b) clinical or biochemical
hyperandrogenism, ¢) PCOM appearance on US)
were met (12). High serum androgen levels
(testosterone = 60 ng/dl) and/or a high free
androgen index (FAI) (=249) were considered
biochemical —hyperandrogenism!®. A modified
Ferriman-Gallwey (FG) score of 27 was considered
clinical hyperandrogenism!. Diseases causing
hyperandrogenism and oligo-ovulation / anovulation
such as non-classical congenital adrenal hyperplasia,
hypetprolactinemia, thyroid dysfunction, Cushing's
syndrome and androgen producing tumors, were
excluded.

The phenotypes of the patients were determined
according to the 2012 NIH consensus panel. Due to
the number of patients, they were divided into two
groups: phenotype A+B and phenotype C+D.
Phenotype A+B was labeled as group 1(classical
PCOS), and phenotype C+D as group 2 (non-
classical PCOS). The ovaries of the patients in group
1 and group 2 were included in the study.
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MRI acquisition

MRI examinations were performed with a 1.5 T MRI
device (Philips Ingenia, Philips Healthcare, Best, The
Netherlands) using a dedicated 32-channel phased
array body coil. MRI examinations were conducted
after 8 hours of fasting. Images were taken in the
supine position while holding the breath. Non-fat-
saturated turbo-spin-echo axial T2W (Field of View
(FOV): 311x311 mm, Matrix: 224x2006, Flip Angle
(FA): 90 deg, Repetition Time (TR): 7181 ms, Echo
Time (TE): 90 ms, Slice thickness: 6.00 mm, Slice gap:
5.00) and (FOV:288x288 mm, Matrix: 292x273, FA:
90 degrees, TR: 2558, TE: 90, 90 ms, Slice thickness:
5.00 mm, Slice gap: 5.00) images were obtained.

Feature extraction

T2W MRI images of patients were uploaded to the
3D slicer program in DICOM format (version 4.10.2;
https:/ /www.slicet.otg). Resampled images
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(size:1x1x1 mm) were acquired and normalized to
obtain isotropic voxels. The ovaries were segmented
independently by two radiologists with 8 and 10 years
of experience in abdominal radiology imaging. In all
axial sections with ovaries, volume of interests (VOI)
were obtained by manually segmenting the ovaries.

Eighteen first-order, 14 shape features, 75 texture
features (gray-level co- occurrence matrix (GLCM),
gray-level dependence matrix (GLDM), gray-level
run length matrix (GLRLM), gray-level size zone
matrix (GLSZM), and neighborhood gray tone
difference matrix NGTDM) ) and 744 wavelet-based
texture features extracted from VOI's (Figure 1). A
total of 851 features were extracted using Slicer-
Radiomics (PyRadiomics v3.0.1). Twenty patients
were randomly selected and their ovaries (n=40) were
segmented independently by two radiologists.
Interobserver agreement was evaluated for the
inferred radiomic features.

Figure 1. Manual segmentation of the ovary on axial T2-weighted images

Feature selection and model analysis

Python 2.3 (Jupyter Notebook, Pycaret Library) was
used for data processing and machine learning (ML)
analysis. ML analysis was performed on large
numerical data sets of radiomic features. Binary
classification was used to evaluate the predictive
petformance of radiomic features between two
independent groups.

Feature reduction was performed for the features
with the highest predictive performance. Potential
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predictive radiomic features were determined by
univariate logistic regression analysis. Features with
p< 0.005 in univariate regression analysis were re-
analyzed using the least absolute shrinkage and
selection operator (LASSO) regression method. Ten-
fold cross validation was used to select features in the
LASSO model with minimal criteria. Random Forest,
Lasso regression and correlation-based feature
selection were employed, with 0.75 as the threshold
value for feature selection.

Datasets were randomly divided into train (70%) and
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independent test (30%) datasets. A 10-fold cross-
validation of the trained models was used to avoid
data overfitting,

The prediction performances of the ML algorithm
were evaluated using the mean area under the curve
(AUCQ), accuracy, recall, precision, and F1 scores. The
two best models for accuracy and AUC were
determined and evaluated on the test set. A Receiver
Operating Characteristic (ROC) curve was drawn.
AUC, accuracy, recall, precision, and F1 scores were
obtained from the confusion matrix. Cumulative
distribution function (CDF) values of the groups
were calculated with Kolmogrov Smirnov (KS)
statistics. The distance between the CDFs of the two
groups was given by the KS statistical graph. The
blend model was tuned and finalized.

Statistical analysis

The study data were analyzed using the Statistical
Package for Social Sciences (SPSS) version 25.0.0.0
software (IBM Corp., Armonk, N.Y., USA).
Percentages, means, and standard deviations were
used to summarize descriptive results. The one-
sample Kolmogorov—Smirnov test was performed to
check whether the groups followed a normal
distribution. Continuous variables with a normal
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distribution were presented as mean (£ standard
deviation [SD]). ICC values were used to assess
interobserver agreement. Categorical variables were
compared with the chi-square test. Mann-Whitney U
test was used to compare numerical data between two
independent groups. Student's t-test was used to
compare two independent groups for normally
distributed numerical data. P-value <0.05 was
considered statistically significant.

RESULTS

Data from 468 patients diagnosed with PCOS were
evaluated. 348 patients without MRI were excluded
from the study. MRIs of 120 patients who underwent
pelvic MRI in our hospital were evaluated. 19 patients
with artifacts were excluded from the study. The
remaining 202 ovaries from 101 PCOS patients with
an average age of 23%4 years were included in the
study. Of the patients, 53 (52.5%) were phenotype A,
12 (11.9%) were phenotype B, 25 were phenotype C
(25.1%), and 11 were phenotype D (10.9%). 130
(64.4%) of the ovaries were classical PCOS in group
0, 72 (35.6%) were non-classical PCOS in group 1.
The characteristics of classical and nonclassical
PCOS patients are presented in Table 1.

Table 1. Characteristics of classical and nonclassical PCOS patients

Parameters Classic PCOS Non-classic P Value
(n=65) PCOS (n=36)
Age (meantSD) 23.1814.42 22.36+4.13 P=0.28
BMI (meantSD) 28.17+6.82 26.2915.82 P=0.15
Oligo-amenorrhea (n,%) 64 (98.46 %) 11 (30.55 %) P < 0.001
Hyperandrogenism (n, %) 46 (70.76 %) 34 (94.44 %) P <0.001
FG score (median, Q1-Q2) 10 (7,16) 8 (4,16) P =0.03
Testosterone (median, Q1-Q2, ng/dl) 64 (42,88) 53.50 (42,79) P =0.01
DHEAS level (meantSD, ng/dl) 401.55£18 334.04+13 P=0.07
LH/FSH ratio(median, Q1-Q2) 1.07(0.60-2.28) 0.83 (0.52-1.72) P=0.02
PCOM (n, %) 52 (80.00 %o) 34 (94.44 %) P =0.001

Polycystic ovary syndrome, PCOS; BMI, body mass index; Ferriman-Gallwey (FG) score; dehidroepiandrosteron sulfat, DHEAS;
luteinising hormone, LH; follicle stimulating hormone, FSH; Polycystic ovary morphology, PCOM.

A total of 851 features were extracted. 15 ML
algorithms were used. The features selected by the
ML algorithms are presented in Figure 2. Good
interobserver reproducibility was obtained for these
selected features (ICC 0.73-0.87). 141 ovaries were
randomly divided into the training set and 61 ovaries
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into the test set.Accuracy and AUC in the training set
were in the range of 57%-73% and 0.50-0.73,
respectively (Table 2). Among the ML algorithms, the
best two models were Random Forest (tf) (AUC:0.73,
accuracy:73 %) and Gradient Boosting Classifier
(gbc) (AUC:0.71, accuracy:70 %). AUC and accuracy
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values in the test set were 0.73, 73% for Random
Forest Classifier; for Gradient Boosting Classifier it
was 0.70, 71% respectively. These two models were
blended, and a new model was obtained. The blend
model was tuned and finalized. The blend model’s
AUC, accuracy, recall and precision values and F1
score were 0.70, 73 %, 56 %, 66%, 58%, respectively.

wavelet-HHL-firstorder-Kurtosis
wavelet-HHL-glem-Ime1
diagnostics-Mask-criginal-VoxalNum
wavelet-HLL-glcm-Correlation

wavelet-L HH-glem-ClusterProminence

Features

diagnostics-Image-original-Maximum
wavelet-HLH-firstorder-Median
wavelet-LHL-gldm-LargeDependenceHighGrayLevelEmphasis
wavelet-LLH-firstorder-Skewness

wavelet-LHL-firstorder-Kurtosis

0.000

Figure 2. The features selected by the ML algorithms.
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The confusion matrix and the classification report
demonstrating the predictive performance of the
blend model are given in Figure 3. ROC curve of
blend model is presented in Figure 4. In the KS
statistical plot, the distance between CDFs of the two
groups had an average performance of 1 at a
threshold of 0.17 (Figure 4).
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Figure 3. Classifier report and confusion matrix for blend model (Random Forest and Gradient Boosting
Classifier) in distinguishing classical and non-classical PCOS.
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Table 2. Performance of fifteen machine learning models in distinguishing classical and non-classical PCOS on

the training set from T2-weighted sequences

Model Accuracy AUC Recall Precision F1

Random Forest Classifier 0.7371 0.7382 0.4800 0.7038 0.5431
Light Gradient Boosting Machine 0.7290 0.7260 0.4800 0.7095 0.5430
Gradient Boosting Classifier 0.7162 0.7036 0.5200 0.6383 0.5651
Naive Bayes 0.6943 0.6547 0.4200 0.6150 0.4878
K Neighbors Classifier 0.6800 0.5796 0.5000 0.6245 0.5252
Extra Trees Classifier 0.6800 0.6946 0.3400 0.6595 0.4222
Logistic Regression 0.6519 0.6236 0.3000 0.5244 0.3419
Dummy Classifier 0.6452 0.5000 0.0000 0.0000 0.0000
Ridge Classifier 0.6448 0.0000 0.3000 0.4967 0.3392
Linear Discriminant Analysis 0.6448 0.6278 0.3000 0.4967 0.3392
Ada Boost Classifier 0.6110 0.6078 0.4000 0.4683 0.4190
Quadratic Discriminant Analysis 0.6090 0.5416 0.3200 0.3683 0.3350
Decision Tree Classifier 0.5948 0.5550 0.4200 0.4176 0.4020
SVM Linear Kernel 0.5762 0.0000 0.4200 0.4351 0.3865

Area under curve, AUC.
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Figure 4. Receiver operating characteristics curve and Kolmogrov Smirnov statistical plot for blend model
(Random Forest and Gradient Boosting Classifier) in distinguishing classical and non-classical PCOS.

DISCUSSION

Phenotypes of PCOS present with different clinical
and metabolic findings, and treatment management
varies accordingly. Phenotype is crucial in
determining the treatment method and preventing
complications. Phenotype A, which exhibits all the
criteria of PCOS, is the most common type, while
phenotype D, the mildest form, is the least common
type?*?!.  Hyperandrogenism, insulin resistance,
impaired lipid profile, and metabolic syndrome are
more prevalent in phenotypes A and B, known as
classical PCOS. Patients with these phenotypes are at
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higher risk for metabolic and cardiovascular diseases.
Metabolic syndrome and insulin resistance are less
common in phenotypes C and D, referred to as non-
classical PCOS?.

In a prior study by Razek et al., it was suggested that
US findings, including ovatian volume, follicle
number, follicle diameter and endometrial thickness,
could distinguish classical PCOS from non-classical
PCOS. The AUC values

of these findings were 0.79, 0.82, 0.83, and 0.77,
respectively. The accuracy values were 75%, 73.6%,
79.2% and 68.1%, respectively. Sensitivity values
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were between 71.7%-80.4% and specificity values
were between 61.5-80.8%. Owvarian volume, the
number of follicles, and follicle diameter were higher
in classical PCOS than in non-classical PCOS?2. In
our study, we successfully differentiated classical
PCOS from non-classical PCOS using radiomic
features obtained from T2 sequences, achieving an
AUC of 0.70 and an accuracy of 73%.

Primarily, first-order features were selected from the
radiomics features in our study. The selection of first-
order features, providing information about the
signal intensity of the selected atea, may be related to
the number and peripheral distribution of follicles
that are hyperintense in T2W. The voxel-number
feature, which is an indicator of volume, was also
highly correlated with classical PCOS.

Our study reported the most common phenotype A
and the least phenotype D consistent with previous
studies?®. Varying rates are reported for phenotypes
C and B. In our study, as observed in some previous
studies, phenotype C was the second, and phenotype
B was the third?%.

PCOS’s  heterogeneous nature with different
phenotypes has been attributed to various
hypotheses, such as interaction between genetic and
environmental factors affecting PCOS pathogenesis
or exposure to maternal androgens causing a specific
phenotype in intrauterine life?>. According to our
study resluts, ovarian morphology and internal

structure also vary according to phenotypes,
suggesting  that  factors influencing PCOS
development may contribute to  different

morphological effects in the ovary structure.

T2W-based radiomic features, according to our study
results, are useful in distinguishing classical PCOS
from non-classical PCOS, eve with a small number of
patients, yielding acceptable AUC and accuracy
values. Future studies with larger patient numbers
could further support and enhance the AUC,
accuracy, recall, and precision values.

Our study also revealed differences in ovarian
morphology on MRI differs between classical and
nonclassical PCOS. Radiomic features on MRI can
objectively guide clinicians in distinguishing PCOS
subgroups. Future studies, with larger patient groups,
comparing the four phenotypes separately will
provide more guidance on evaluating the effects on
the ovarian parenchyma based on phenotypes.
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The study’s limitations include its retrospective
nature and the small number of patients.
Additionally, the study categorized patients into
classical PCOS and nonclassical PCOS based on
clinical and radiological findings, not considering the
appearance of PCOM on US. Future studies should
address these limitations.

In conclusion, MRI-based radiomic features may
contribute to clinical evaluation in determining PCOS
phenotypes. Early diagnosis is crucial for
implementing effective treatment strategies and
identifying high risk patients for metabolic and
cardiovascular diseases, ultimately contributing to the
preventing of potential comorbidities.
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