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Abstract

Objective: The purpose of the study was to determine variations in the circle of Willis in the Eastern Anatolia Region with TOF magnetic resonance imaging 
angiography.
Methods: Two hundred fifty cases between the ages of 18 and 50, who applied to the department for cranial magnetic resonance angiography (MRA) exami-
nation and had no specific symptoms, were included in the study. Study data were obtained with 1.5 T and 3T MR (Magnetom Skyra; Siemens Healthcare, 
Erlangen, Germany) devices.
Results: Typical polygonal structure was seen in 80 cases (32%) and arteria communicans anterior (AComA) aplasia was seen in 4 cases (1.62%). The incidence 
of right and left anterior cerebral artery (ACA) A1 aplasia and hypoplasia were 11 (4.4%), 5 (2%), 14 (5.5%), and 6 (2.4%), respectively. ACA trifurcation was 
detected in 19 (7.6%), azygos ACA in 2 (0.8%), and bi-hemispheric ACA in 4 (1.6%). Right and left arteria communicans posterior (AComP) aplasia and hypo-
plasia were detected in 42 (16.8%), 32 (12.8%), 25 (10%), and 26 (10.4%), respectively. Right arteria cerebri posterior (ACP) fetal configuration was determined 
in 26 (10.4%), left in 15 (6%), and bilateral in 16 (6.4%). Basilar artery fenestration and persistent trigeminal artery were detected in 3 cases (1.2%). Right and 
left vertebral artery hypoplasia was determined in 20 (8%) and 14 (5.6%) cases, respectively.
Conclusion: The anatomical determination of the normal structure and variations of the Willis polygon with TOF MRA, which is a non-invasive imaging method 
that does not require radiation exposure and contrast material, revealed that the typical polygonal structure where all the arteries are located was detected at a rate 
of 32%. The most frequently detected variations were aplasia/hypoplasia, and they were seen most frequently in AComP (between 10% and 16.8%). The most 
frequently detected variation in anterior circulation was ACA trifurcation (7.6%), and it was similar to the literature.
Keywords: Anatomic variation, circle of Willis, magnetic resonance angiography, magnetic resonance imaging

INTRODUCTION
The circle of Willis is a ring of vessels that form a connection between anterior and posterior circulation. Both internal carotid arteries (ICAs) give 
off an ophthalmic artery and form anterior cerebral artery (ACA) and middle cerebral artery (MCA). The anterior communicating artery (ACom) 
connects bilateral ACAs. The posterior communicating artery (PCom) connects the MCA with the posterior cerebral arteries (PCAs). The basilar 
artery (BA) divides into 2 to form PCAs.1

The circle of Willis is the basic structure that ensures constant and regular blood flow to the brain in order to protect it from ischemia. The studies 
of the British anatomist Sir Thomas Willis in the 17th century forms the basis of the anatomical knowledge one has about the brain and vascular 
anatomy today.2 Today, the studies of Yaşargil and Rhoton form the basis of the vascular anatomy of the modern central nervous system.3,4 Although 
there are detailed studies of each artery forming the circle in the literature, studies that include the whole circle are relatively few. In addition, 
while there are few studies on the circle of Willis in the adult population in the Turkish society in the literature, no such study has been found for 
the Eastern Anatolia region.

Collateral circulation in circle of Willis is important in maintaining adequate cerebral blood flow in case of obstructive arterial diseases. There are 
2 types of collateral vessels: extracranial and intracranial collateral vessels. Intracranial collateral vessels are formed by primary collaterals which 
connect the arterial segments of the circle of Willis and secondary collaterals such as leptomeningeal vessels that form after an insult when primary 
collaterals are not sufficient.
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There are studies reporting higher frequency of incomplete circle of 
Willis in migraine patients in particular in migraine patients with aura.5 
Thus variations in the posterior circulation are found to be a contribut-
ing factor to stroke in migraine patients.6

The purpose of the study is to determine incidence of anatomical vari-
ants in Eastern Anatolia Region and compare it to the literature.

MATERIAL AND METHODS
Patient Group
The single-institution, prospective study was approved by the institu-
tional ethics committee of Atatürk University (Ethics Committee num-
ber: B.30.2.ATA.0.01.00/277, date: May 30, 2019). Written informed 
consent forms were signed by all study participants.

In this study, it is aimed to prospectively investigate the presence and 
localization of circle of Willis variations in TOF magnetic resonance 
angiography (MRA) images obtained for various indications between 
2019 and 2020. Two hundred fifty cases were included between the 
ages of 18 and 50 without specific symptoms in the study. Exclusion 
criteria as follows: patients with brain surgery or aneurysmal coil 
embolization, patients younger than 18, and images without adequate 
quality to assess vascular structures due to artifacts. Patients over 50 
years old were excluded from the study due to concerns regarding age-
related vascular changes and confounding comorbidities. Pathological 
cases that would make it difficult to evaluate vascular structures and 
variations were excluded. In each case, the normal anatomy of the 
circle of Willis and its variations were evaluated and noted separately.

Magnetic Resonance Imaging Protocol
The study was performed with 1.5 T and 3T MR (Magnetom Skyra; 
Siemens Healthcare, Erlangen, Germany) devices. There was not expo-
sure to radiation and no contrast material was used. The images on 
workstations that provide multi-planar imaging and noted the varia-
tions for each case were evaluated.

Magnetic Resonance Imaging Evaluation
Images were evaluated by 1 radiologist with 10 year experience in 
neuroradiology. Axial, coronal, sagittal images and multi-planar 
reconstructions were all evaluated together. The variations that were 
evaluated in the study are as follows: AComA aplasia, right and left 
ACA A1 aplasia-hypoplasia, ACA trifurcation (Figure 1), azygos 
ACA (Figure 2), bi-hemispheric ACA, right and left AComP aplasia-
hypoplasia (Figure 3), right, left, and bilateral ACP fetal configuration, 

persistent trigeminal artery (PTA) (Figure 4), fenestration in BA, hypo-
plasia in right and left vertebral artery. Absence of an artery is diag-
nosed as aplasia and a diameter smaller than 1 mm as hypoplasia.

Statistical Analysis
Analyses were performed using the IBM SPSS 20 (IBM SPSS Corp.; 
Armonk, NY, USA) statistical analysis program. Shapiro–Wilk W test 
and Kolmogorov–Smirnov test were used to check the normal distri-
bution of continuous variables. In comparisons between 2 indepen-
dent groups consisting of male and female subjects, the Independent 
Samples t test was used when the normal distribution condition was 
met, and the Mann–Whitney U test was used when it was not met. In 2 
× 2 comparisons between categorical variables (>5), the Pearson chi-
square test was used, the chi-square Yates test was used for expected 
values (3-5), and Fisher’s exact test was used for expected values (<3). 
Statistical significance level was taken as P < .05.

MAIN POINTS

•	 Two hundred fifty patients without specific neurological symptoms 
were evaluated to determine circle of Willis variations in the Eastern 
Anatolia region.

•	 The typical polygonal structure where all the arteries are located was 
detected at a rate of 32%.

•	 Willis polygon variations were more frequent in the posterior part of 
the polygon, consistent with the literature.

•	 The most frequently detected variations were aplasia/hypoplasia, 
with the most frequently detected was arteria communicans posterior 
(between 10% and 16.8%).

•	 The most frequently detected variation in anterior circulation was 
arteria cerebri anterior trifurcation (7.6%), and it was similar to the 
literature.

Figure 1.  ACA trifurcation in A2 segment (thin arrows).

Figure 2.  Azygos variation in ACA A2 segment (thin arrows).
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RESULTS
Patient Demographics
Study group consisted of 250 patients, 95 were male (38%) and 155 
were female (62%). The age range was 18-50 for both genders, and the 
mean age was 36 for males and 35.8 for females.

The typical (complete-normal) polygonal structure in which all arter-
ies forming the circle of Willis were present was observed in a total of 
80 cases (32%). The number and rates of variations in the study group 
are summarized in Table 1; the distribution of variations by gender is 
summarized in Table 2.

AComA aplasia was detected in a total of 4 cases (1.62%). Right ACA 
A1 segment aplasia and left ACA A1 segment aplasia were detected 
in numbers and ratios of 11 (4.4%) and 5 (2%), respectively. Right 
ACA A1 segment hypoplasia and left ACA A1 segment hypoplasia 
were detected in 14 (5.5%) and 6 (2.4%) numbers and rates, respec-
tively. There are 3 A2 segments in the ACA trifurcation, also called the 
persistent medial callosal artery. The number of cases in which ACA 
trifurcation was detected is 19 (7.6%). While the most common varia-
tion in the anterior circulation was ACA trifurcation (7.6%), the least 
common variation was azygos ACA variation. A single A2 is observed 
in azygos ACA variation. In general, the majority of the variations that 
were detected belonged to the posterior circulation. The most common 
variations that was detected were aplasia and hypoplasia. The localiza-
tion in which aplasia and hypoplasia were detected most frequently is 
AComP. The variations detected in the posterior circulation and their 
numbers are as follows: Right AComP aplasia and left AComP aplasia 
were detected in the numbers and ratios of 42 (16.8%) and 32 (12.8%), 
respectively.

Variations of the fetal ACP configuration constitute the second 
most frequently detected variation group after aplasia and hypopla-
sia. These variations were determined according to the relationship 
between the AComP and ACP P1 segment diameters; cases where the 
AComP diameter is larger than the ACP P1 segment are called fetal 
configuration. In this study, the fetal configuration of the ACP wes 
grouped as right, left, and bilateral. In this group, the right fetal con-
figuration was determined as 26 (10.4%), the left fetal configuration 
as 15 (6%), and the bilateral fetal configuration as 16 (6.4%). The term 
fenestration refers to the appearance of the vascular structure ending 
with the division of its lumen into 2 sections, each with its own endo-
thelial layer, running parallel to each other and then reuniting. In this 

Figure 3.  Bilateral hypoplasia of arteria communicans posterior.

Figure 4.  Persistent trigeminal artery between the right internal carotid artery 
(ICA) and the basilar (ICA - thin arrows, basilar artery - long arrow, and 
persistent trigeminal artery - short thick arrows).

Table 1.  Number and Percentages of Variations in Circle of Willis

​ Number Percentage (%)
A Com A Ap 1 4 1.6
R ACA A1 Ap 1 11 4.4
L ACA A1 Ap 1 5 2.0
R ACA A1 Hp 1 14 5.6
L ACA A1 Hp 1 6 2.4
ACA Trifurcation 1 19 7.6
Azygos ACA 1 2 0.8
Bi-hemispheric ACA 1 4 1.6
R A Com P Ap 1 42 16.9
L A Com P Ap 1 32 12.9
R A Com P Hp 1 25 10.0
L A Com P Hp 1 26 10.4
Fetal RPCA 1 26 10.4
Fetal LPCA 1 15 6.0
Fetal BPCA 1 16 6.4
BA fenestration 1 3 1.2
R VA V4 Hp 1 20 8.0
L VA V4 Hp 1 14 5.6
PTA 1 3 1.2
A Com A Ap, Arteria Communicans Anterior Aplasia; ACA, Anterior Cerebral Artery; BA, 
basilar artery; BPCA, bilateral Posterior Cerebral Artery; Hp, hypoplasia; L A Com P Ap, 
left Arteria Communicans Posterior Aplasia; L A Com P Hp, left Arteria Communicans 
Posterior Hypoplasia; L ACA A1 Ap, left Anterior Cerebral Artery A1 Aplasia; L ACA A1 
Hp, left Anterior Cerebral Artery A1 hypoplasia; LPCA, left Posterior Cerebral Artery; 
PTA, persistent trigeminal artery; R A Com P Ap, right Arteria Communicans Posterior 
Aplasia; R A Com P Hp, right Arteria Communicans Posterior Hypoplasia; R ACA A1 Ap, 
right Anterior Cerebral Artery A1 Aplasia; R ACA A1 Hp, right Anterior Cerebral Artery 
A1 Hypoplasia; RPCA, right Posterior Cerebral Artery; VA, vertebral artery.
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study group, fenestration was detected in the BA in 3 cases (1.2%). 
The number and rates of cases in which the authors detected right 
and left vertebral artery V4 segment hypoplasia are 20 (8%) and 14 
(5.6%), respectively.

Although PTA variation is rare in the population, it is the most common 
variation among persistent carotid-BA variations. Persistent trigeminal 
artery variation was detected in a total of 3 cases (1.2%) in this study 
group.

There is not any statistically significant difference between age and 
gender in terms of the frequency and localization of variations.

DISCUSSION
Various variations of the Willis polygon have been defined in the litera-
ture, and the names, numbers, criteria, and diversity of the variations 
included in the studies vary. This is the main reason for the significant 
difference in the rate of variation among studies. In addition, it is seen 
that there is no consensus on the definition of hypoplasia, and the cut-
off value for hypoplasia is taken as 0.5 mm, 0.8 mm, or 1 mm in dif-
ferent studies.3,7,8

Variations of the circle of Willis are more frequently seen in the poste-
rior part of the circle. The most common localization has been reported 
as AComP in a cadaver study by Karataş et  al.9 In another study by 
Karataş et  al9 examined variations of aplasia, hypoplasia, and fetal 
ACP in their 100-case study with CTA, and accepted the hypoplasia 
criterion as 1 mm, and found a variation rate of 72%, and the most 
common variation was AComP hypoplasia with a rate of 22%.10 In this 
study, variations were more frequent in the posterior part of the circle, 
in line with the literature. The most frequently detected variations were 
AComP aplasia and hypoplasia. Right AComP aplasia was 16.8% and 

left AComP aplasia was 12.8%; right AComP hypoplasia was 10% and 
left AComP hypoplasia was 10.4%.

In a study conducted on 1205 cases with CTA, a total of 21 variations 
were examined, the hypoplasia limit was accepted as 1 mm, variation 
was detected in 95.4% of the cases, and the most frequently detected 
variation was reported as AComP hypoplasia, detected at a rate of 
32%.11 In cerebral aneurysm treatments and carotid ligation, accurate 
determination of the polygon structure and variations is very impor-
tant in terms of determining adequate cerebral circulation. Variations 
of the Willis polygon are frequently seen, but they usually do not cause 
serious clinical consequences. However, it should not be forgotten 
that the presence of hypoplasia or aplasia of AComP in nternal carotid 
artery occlusions is an independent risk factor for cerebral infarction.
Therefore, unilateral ligation of the ACI in such a case can cause very 
important clinical problems.

Leptomeningeal collaterals cannot form in fetal variant of circle of 
Willis since both MCA and PCA are connected to ICAs. Thus there 
is an increased risk for stroke in patients with fetal PCA variant with 
obstructive arterial disease.12 In AComP aneurysms, in the presence of 
fetal ACP configuration; AComP should be protected. Variations may 
develop outside the normal polygonal structure. However, it is not 
known exactly why and when these variations develop. Padget defined 
3 configurations according to AComP and ACP diameters.13 The type 
called adult configuration represents the situation where the diameter 
of AComP is smaller than the P1 segment of ACP. Adult configura-
tion was found to be 87% in a study performed on 100 cadavers by 
Karataş et al.9 The adult configuration was detected at a rate of 72% in 
the study. In the second type called fetal configuration; the diameter of 
AComP is larger than the P1 segment of ACP. Therefore, the vascular-
ization of the occipital lobe is largely provided by the internal carotid 

Table 2.  Distribution of Variations According to Genders

​

Gender
​M F

Number Percentage (%) Number Percentage (%) Chi-Square P
A Com A Ap 1 2 2.1 2 1.3 ​ .64
R ACA A1 Ap 1 6 6.3 5 3.2 0.69 .41
L ACA A1 Ap 1 2 2.1 3 1.9 ​ 1
R ACA A1 Hp 1 7 7.4 7 4.5 0.88 .35
L ACA A1 Hp 1 2 2.1 4 2.6 ​ 1
ACA Trifurcation 1 7 7.4 12 7.8 0.02 .90
Azygos ACA 1 2 2.1 0 0.0 ​ .15
Bi-hemispheric ACA 1 3 3.2 1 0.6 ​ .16
R A Com P Ap 1 20 21.1 22 14.3 1.92 .17
L Com P Ap 1 11 11.6 21 13.6 0.22 .64
R Com P Hp 1 8 8.4 17 11.0 0.45 .50
L Com P Hp 1 8 8.4 18 11.7 0.67 .41
Fetal RPCA 1 10 10.5 16 10.4 0.001 .97
Fetal LPCA 1 5 5.3 10 6.5 0.16 .69
Fetal BPCA 1 5 5.3 11 7.1 0.35 .56
BA fenestration 1 0 0.0 3 1.9 ​ .29
PTA 1 1 1.05 2 1.3 ​ .29
R VA V4 Hp 1 7 7.4 13 8.4 0.092 .76
L VA V4 Hp 1 7 7.4 7 4.5 0.882 .35
A Com A Ap, Arteria Communicans Anterior Aplasia; ACA, Anterior Cerebral Artery; BA, basilar artery; BPCA, bilateral Posterior Cerebral Artery; Hp, hypoplasia; L A Com P Ap, left 
Arteria Communicans Posterior Aplasia; L A Com P Hp, left Arteria Communicans Posterior Hypoplasia; L ACA A1 Ap, left Anterior Cerebral Artery A1 Aplasia; L ACA A1 Hp, left Ante-
rior Cerebral Artery A1 hypoplasia; LPCA, left Posterior Cerebral Artery; PTA, persistent trigeminal artery; R A Com P Ap, right Arteria Communicans Posterior Aplasia; R A Com P Hp, 
right Arteria Communicans Posterior Hypoplasia; R ACA A1 Ap, right Anterior Cerebral Artery A1 Aplasia; R ACA A1 Hp, right Anterior Cerebral Artery A1 Hypoplasia; RPCA, right 
Posterior Cerebral Artery; VA, vertebral artery.
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artery. The frequency of this configuration in adults was reported in 9% 
by Karataş et al.9 In this study group, frequency of fetal configuration 
was 0.4% for right fetal configuration, 6% for left fetal configuration, 
and 6.4% for bilateral fetal configuration. Transitional configuration, 
in which the diameter of AComP and P1 are equal, was found in 5.2%.

The term fenestration refers to the appearance of the vascular struc-
ture during its course, when its lumen divides into 2 sections, each 
with its own endothelial layer, and runs parallel to each other, and then 
reunites. Data on the incidence of BA fenestration vary in the literature. 
It has been found to be 0.28%-5.26% in autopsy series, 0.3%-0.6% in 
studies conducted with angiography, and 1.0%-2.7% in MRA series.14 
In this study group, BA fenestration was found to be present in 1.2% of 
patients, similar to MRA series. Persistent carotid-basilar anastomoses 
are rare variations. Among these, the most common is the PTA varia-
tion seen between the ICA cavernous segment and the BA, with a rate 
of 83%. Its incidence is between 0.1% and 0.6% in cerebral angiogra-
phies. It is mostly seen unilaterally. The PTA regresses after the devel-
opment of AComP. It is important to know this variation, especially 
in cases of trans-sphenoidal surgery. In this study, PTA variation was 
detected in 3 cases (1.2%).

Variations in the anterior section of the polygon are less frequently 
detected than in the posterior section, but are important in terms of 
pathologies such as aneurysms that may accompany. ACA A1 seg-
ment aplasia is a rare variation and has been observed at rates ranging 
from 0.3% to 2% in anatomic studies and 0.7% to 2% in angiographic 
series.15 In this study, right ACA A1 aplasia was detected at a rate of 
4.4% and left ACA A1 aplasia was detected at a rate of 2%. While ACA 
A1 segment hypoplasia is seen between 1% and 10% in the literature,16 
right ACA A1 hypoplasia was detected at a rate of 5.5% and left ACA 
A1 hypoplasia was detected at a rate of 2.4% in this study. In another 
study conducted with CTA, A1 segment aplasia was reported at a rate 
of 6% and A1 segment hypoplasia at a rate of 1%. In the same study, it 
was emphasized that the rate of A1 aplasia was detected at a higher rate 
than in the literature and AComA aneurysm was observed in 16% of 
the cases.11 In a study by Kapoor et al,17 A1 segment aplasia was found 
to be 0.4% and hypoplasia was detected in 1.7%. Both A1 aplasia and 
hypoplasia was detected at a higher rate in this study. The difference 
between results among different studies may be related to genetic, envi-
ronmental, or combination of these factors and these factors should be 
further investigated. Another variation related to the anterior circula-
tion in the literature is ACA trifurcation, which was reported at a rate 
of 8%.10 In this study, a similar rate of ACA trifurcation variation was 
detected (7.6%).

Variations are common, but most of them do not pose a serious prob-
lem in the clinic. Again, the recovery levels of patients in occlusive 
vascular diseases can be explained by variations in the Willis polygon. 
The fact that various branches of the polygon are too thin to function or 
are completely absent is very important in occlusive vascular diseases 
and cerebrovascular surgery. In patients undergoing surgical interven-
tion, anatomical determination of the normal structure and variations of 
the Willis polygon with TOF MRA, which is a non-invasive imaging 
method that does not require radiation exposure or contrast material, 
will help reduce the significant neurological complications that may 
arise and the associated morbidity and mortality risk. However, MRA 
has disadvantages such as being sensitive to motion artifacts and appli-
cation limitations in patients with devices such as pacemakers, neuro-
stimulators, and infusion pumps. Again, it should be kept in mind that 
hypoplasia or aplasia diagnoses may not be sufficiently reliable due to 

technical difficulties in evaluating arteries with diameters smaller than 
1 mm in TOF MRA examination.

In conclusion, TOF MRA can be used to evaluate cerebral vascu-
lar anatomy, especially for screening and pre-surgical evaluation of 
asymptomatic or normal individuals. In cerebrovascular interven-
tions, knowing anatomical variations and demonstrating the anomaly 
in advance is important for safe surgical intervention. Although TOF 
MRA can be used to examine circle of Willis without radiation expo-
sure and the need for contrast material; technical difficulties in imaging 
some vessels, MRA’s sensitivity to motion artifacts, and some applica-
tion limitations such as pacemakers should be considered as disadvan-
tages of the method.
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Abstract

Objective: The objectives of this study are to evaluate the effects of diffusion tensor imaging (DTI) on visual pathways following Gamma Knife radiosurgery 
(GKR) and to identify any correlations between DTI results and radiosurgery data.
Methods: Thirteen patients with cavernous sinus meningiomas (CSMs) and 15 controls were included. Mean diffusion coefficient (ADC), fractional anisotropy 
(FA), and radial diffusivity (RD) were assessed in the visual pathways using DTI, and DTI values were compared between healthy subjects and patients before 
and after 12 months of GCR imaging. Additionally, the correlation between these values and radiosurgery data was also investigated.
Results: The ADC, FA, and RD values measured at visual pathways prior to and following GKR did not differ statistically. The FA values obtained from optic 
chiasm and occipital lobe were negatively correlated with the maximum and mean radiation dose to the prechiasmatic optic nerve and optic apparatus, respec-
tively. The maximum radiation dose to the optic apparatus and the RD values obtained from the optic chiasm were found to be positively correlated. The maxi-
mum and mean radiation doses to the optic apparatus were found to positively correlate with the ADC and RD values obtained from the occipital lobe.
Conclusion: Defining the radiation-related microstructural diffusion changes in visual pathways following GKR may provide useful information for tailoring 
the radiosurgical approach and safety of the treatment. Diffusion tensor imaging may provide useful information to characterize changes of the radiation effects 
on visual pathways in patients with CSMs after GKR.
Keywords: Cavernous sinus meningioma, diffusion tensor imaging, magnetic resonance imaging, optic chiasm, visual pathways

INTRODUCTION
The prevalence of cavernous sinus meningiomas (CSMs) in the general population is 0.5 per 100 000.1 The risk of meningiomas is increased by 
advanced age and female sex. Meningiomas are mostly benign, well-defined, and low-proliferating tumors.2 It is possible to classify CSMs accord-
ing to their anatomic localization. They may originate from the clinoid processes or dura of the cavernous sinus (CS), the sphenoid ridge dura, or 
the petroclival area that extends to or penetrates the CS.3 The most common presenting symptoms of meningiomas are ocular motor deficits, dip-
lopia, ptosis, anisocoria, or complete ophthalmoplegia. The optic nerve compression by the tumor can cause visual field deficits, and carotid artery 
compression can cause ischemic deficits.4

CSMs usually cannot be completely resected because they are closely related to multiple critical structures, including the cerebral artery, optic 
nerves, ocular motor nerves, and pituitary body. Cavernous sinus meningiomas can be treated with systemic medicine, Gamma Knife Radiosurgery 
(GKR), surgical resection, attentive observation, or a combination of these various methods.2,3

A magnetic resonance imaging (MRI) method called diffusion tensor imaging (DTI) is used to evaluate the microstructural changes in the white 
matter. The DTI evaluates visual pathways by measuring the changes in average diffusion coefficient (ADC), fractional anisotropy (FA), and radial 
diffusivity (RD) values of the visual pathways. Evaluation of FA provides information on the structural integrity of the fiber tracts, axonal degenera-
tion, and structural irregularity while RD shows de/dysmyelination of white matter and changes in the axonal diameters or density.5,6 Previous DTI 
studies have found that reduced FA values are associated with visual impairment in a variety of diseases, such as Alzheimer’s disease, moderate 
cognitive impairment, and glaucoma.7-23
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As far as the authors are aware, no research has been done in the lit-
erature to assess how radiation affects visual pathways in patients 
receiving GKR for meningiomas using the DTI approach. This study’s 
objectives were to determine whether DTI altered visual pathways fol-
lowing GKR and to identify a connection between DTI and radiosur-
gery parameters in CSM patients.

MATERIAL AND METHODS
Thirteen patients (2 men, 11 women, median age 51 years; range: 
31-81 years) with CSMs and 15 healthy controls (3 men, 12 women, 
median age 44 years; range: 32-57 years) were enrolled. Patients hav-
ing conditions that can significantly affect DTI parameters, including as 
strokes, microhemorrhages, small-vessel disorders, and demyelination, 
were not included. 2 of patients had undergone operation because of 
CSM before GKR. The other patients treated by GKR first. The institu-
tional ethics committee has accepted the study, which is a retrospective 
(decision dated March 13, 2018, numbered 6/70). The individuals who 
consented to participate in the study provided written informed con-
sent. Radiosurgical variables including marginal dose, the mean and 
maximum dose receiving optic apparatus (including prechiasmatic seg-
ment of optic nerve and chiasm) were retrospectively reviewed. Then 
the doses received by the optic chiasm and prechiasmatic segment of 
optic nerve were calculated separately. Magnetic resonance imaging 
and DTI performed all cases before and 12 months after GKR. The 
ipsilateral and contralateral sides of the optic chiasm (Figure 1) and the 
subcortical white matter at the level of calcarine cortex in the occipital 
lobe (Figure 2) were used to measure the ADC, FA, and RD values. 
Average DTI values were found along the left side of the visual path-
way in the control group. Computerized static perimetry performed to 
evaluate visual field before and 12 months after GKR. The MD (mean 
deviation), PSD (pattern SD) values were measured.

MRI Protocol: 1.5T MRI (Siemens, Avanto, Erlangen, Germany) was 
used with a head coil. T1-weighted (T1-W) spin echo (TR/TE, 460/14 
ms), T1W with fat suppression (TR/TE, 715/7.5 ms) with and without 
contrast medium (gadolinium diethylenetriamine pentaacetic acid, 
0.1 mmol/kg body weight, intravenously), T2-weighted (T2-W) turbo 
spin echo (TR/TE, 2500/80 ms), FLAIR (TR/TE, 8000/90 ms), T1-W 
spin echo (TR/TE, 460/14 ms) were obtained for brain MRI. With an 
isotropic voxel resolution of 1 mm, a magnetization-prepared rapid 
acquisition of gradient echo sequence was used to add the 3D T1-W 
volumetric sequences (TR/TE/TI, 12.5/5/450 ms) with and without 
contrast. An integrated parallel acquisition technique (iPAT) factor of 
2 was used in conjunction with generalized autocalibrating partially 
parallel acquisition (GRAPPA) for parallel imaging. The DTI images 
obtained in the axial plane comprised a single-shot, spin echo, echo-
planar sequence with TR/TE, 2700/89 ms; matrix, 128 × 128; field 
of view, 230 mm; slice thickness 5 mm; and 30 diffusion-encoding 
directions were used at b = 1000 s/mm² and b = 0 s/mm². Generalized 
autocalibrating partially parallel acquisition with an iPAT factor of 3 
was used for parallel imaging. The Leonardo console (software ver-
sion 2.0; Siemens) was used to rebuild the ADC, FA, and RD maps. 
The areas of interest (ROIs) were positioned and traced using the 
3D T1-W and T2-W images as anatomical references. At the same 
section level, these images were combined with the matching area 
of the ADC and FA maps. At the level of the calcarine sulcus, each 
ROI was manually drawn with a size of 3 pixels at the chiasm and 4 
pixels at the subcortical white matter of the occipital lobe. The ROIs’ 
sizes and positions were adjusted by 2 experienced radiologists, 
who also evaluated them simultaneously on axial color-encoded FA 
maps based on “Dissecting the White Matter Tracts: An Interactive 
Instructional Atlas for Diffusion Tensor maging.” To avoid averaging 
artifacts and reduce the partial-volume effect, the slices above and 
below the region were compared side by side during ROI insertion 

Figure 1.  The axial color-coded maps shows the region of interests placed on 
the ipsilateral and contralateral optic chiasm (long arrow).

Figure 2.  The axial color-coded maps shows the region of interests placed on 
the ipsilateral and contralateral occipital lobe (short arrow).
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with the conventional images and color ADC, FA map, and diffusion 
trace.

Gamma Knife Protocol: The treatment was performed at the Gamma 
Knife Unit (Gamma Knife 4C model) of the university. After adminis-
tering local anesthetic and placing a Leksell stereotactic head frame on 
the patient’s head, MRI imaging was performed. The MRI data (T1W, 
T2W 3D images in the axial section) were transferred to the Gamma 
Plan version 10.1.1 software (Elekta AB, Stockholm, Sweden). The 
tumor and optic apparatus were contoured to plan treatment and per-
form dose calculations (Figure 3). The doses received by the optical 
apparatus were computed using the definition of the prescription dose. 
It is possible to modify the prescription dosage when certain factors 
surpass critical dose values. Every patient received a 50% isodose: the 

median maximum optic apparatus dose was 8 Gy (range: 1-12 Gy) and 
median mean dose was 2.8 Gy (range: 1-5.7 Gy); the median treatment 
dose was 12 Gy (range: 10-14 Gy). No new neurological deficits were 
detected in any patients at 12 months after GKR.

Statistical Analysis
IBM SPSS 19.0 (IBM SPSS Corp.; Armonk, NY, USA) was used to 
analyze all of the data. ADC, FA, and RD values obtained from the 
visual pathways prior to and following GKR in the patients with CSMs 
and the control group were compared using ANOVA. To ascertain the 
connections among DTI results, radiosurgical treatment parameters, 
and visual field characteristics, the Tukey post hoc test was utilized. A 
type-1 error rate of α = 0.05 was used.

RESULTS
No statistical differences were observed in ADC, FA, and RD values 
measured from bilateral visual pathways prior to and following GKR in 
patients with CSM. There was no statistical difference in ADC, FA, and 
RD values measured in the control group and bilateral visual pathways 
before and after GKR in patients with CSM (Table 1).

The FA values obtained from optic chiasm were negatively correlated 
with the maximum and mean radiation dose to the prechiasmatic optic 
nerve (respectively, r = −0.510, P = .011, mean r = −0.527, P = .008). 
The maximum and mean radiation doses to the optic apparatus were 
negatively correlated with the FA measured from the occipital lobe 
(respectively, r = −0.432, P = .035, mean r = −0.420, P = .04).

The RD values obtained from optic chiasm were positively correlated with 
the maximum radiation dose to the prechiasmatic optic nerve and appa-
ratus (respectively, r = 0.429, P = .036, r = 0.406, P = .049). There was 
a positive correlation between ADC and RD values measured from the 
occipital lobe and the mean radiation dose to the optic apparatus (P < .05).

Visual field tests and ophthalmological examinations were performed 
on all patients before and after GKR and in the control group. Patients 
with normal ophthalmological and fundus examinations and visual 
field tests were included in the control group. However, the results of 
7 patients were obtained retrospectively. In these 7 patients, there was 
no statistical difference between MD and PSD values ​​before and 12 
months after GKR. There were no statistical differences between MD 
and PSD values before and 12 months after GKR, and there was no 
correlation between MD, PSA values, and DTI values (FA, ADC, RD) 

Figure 3.  The axial 3D T1-weighted image, which used as an anatomic 
reference for treatment planning, shows the tumor and bilateral prechiasmatic 
parts of the optic nerves contoured to calculate the radiation dose received.

Table 1.  The Fractional Anisotropy, Average Diffusion Coefficient, and Radial Diffusivity Values Measured Before and After Gamma Knife Radiosurgery from 
Ipsilateral and Contrlateral Sides in the Patients with Cavernous Sinus Meningioma and the Control Group

​
Optic Chiasm Occipital Lobe

FA ADC RD FA ADC RD
Before GKR ​ ​ ​ ​ ​ ​
  Ipsilateral side-before GKR 285 ± 89 1786 ± 547 1541 ± 532 331 ± 88 771 ± 74 644 ± 137
  Contrlateral side-before GKR 287 ± 117 1673 ± 314 1415 ± 314 361 ± 49 775 ± 78 653 ± 62
  Control group 324 ± 97 1657 ± 480 1501 ± 540 339 ± 39 752 ± 53 613 ± 48
After GKR ​ ​ ​ ​ ​ ​
  Ipsilateral side-after GKR 256 ± 65 2083 ± 802 1758 ± 582 319 ± 88 806 ± 102 666 ± 98
  Contrlateral side-after GKR 298 ± 44 1816 ± 470 1589 ± 671 326 ± 64 798 ± 105 653 ± 93
  Control group 324 ± 97 1657 ± 480 1501 ± 540 339 ± 39 752 ± 53 613 ± 48
P .35 .27 .57  .56  .45 .61
Data are presented as mean ± standard deviation ADC, apparent diffusion coefficient; FA, fractional anisotropy; RD, radial diffusivity; GKR, Gamma Knife radiosurgery. P values shows 
statistically not significant results
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obtained at the optic chiasm and subcortical white matter of the occipi-
tal lobe obtained 12 months after GKR.

DISCUSSION
The optic strut separates the CS from the afferent visual pathway ante-
riorly, and the subarachnoid matter separates the optic nerve from the 
roof of the CS posteriorly. Nevertheless, the tumors that involve the 
CS can extend superiorly and affect the optic nerve or chiasm.24 Recent 
studies have clearly indicated that curative surgery of CSMs alone is 
not a secure and sufficient treatment option in many cases. According to 
published research, surgery is linked to significant morbidity (17.9%–
74%) and mortality (0%-9.5%) due to pituitary insufficiency, vascular 
damage, and cranial nerve abnormalities.25,26

GKR is a reasonable, effective, and safe option for the primary or 
adjunctive treatment of these tumors. Radiosurgery has been widely 
used widely for treating benign tumors of the central nervous system. 
The most tumors that have been treated with GKR are acoustic neuro-
mas and meningiomas of the skull base. It is important to preserve the 
neurological functions of the patients because meningiomas are benign 
lesions. Gamma Knife radiosurgery provides long-term overall tumor 
control and has extremely low morbidity rates.27-29 However, the optic 
apparatus is at risk of radiation toxicity.

Diffusion tensor imaging is a technique that determines the microstruc-
tural changes within the white matter by using diffusion measurements. 
Each DTI value (FA, ADC, and RD) is responsive to various aspects of 
white matter disease, such as neuronal damage, axonal degeneration, 
and maturation. Fractional anisotropy is very sensitive to changes in 
microstructure but less sensitive to changes of a particular kind (such as 
axial or RD). However, DTI is a potentially effective method for track-
ing how the brain reacts to treatments.5 Decreased FA and increased 
MD in the optic nerve are linked to progressive optic neuropathy, 
according to recent studies on glaucoma, amblyopia, retinitis pigmen-
tosa, optic neuritis, and multiple sclerosis.15-20 Nishioka et al21 reported 
that the visual pathway is impacted as Alzheimer’s disease (AD) and 
moderate cognitive impairment (MCI) progress. In AD and MCI, there 
was an increase in RD and a decrease in FA at the optic nerve and tract. 
According to their findings, visual impairments in AD patients may 
be caused by damage to the visual white matter tracts. Adhikari et al22 
stated that there was a negative correlation between retinotopically 
defined ganglion cell inner plexiform thickness (GCIPL) and optic tract 
MD and AD. The thickness of the retinotopically defined retinal nerve 
fiber layer was inversely connected with FA.

Chang et al23 reported that significant relationships between Heilderberg 
Retina Tomography (HRT) rim area and DTI parameters in glaucoma 
patients. They showed that as HRT rim area decreased, MD, RD 
increased, while FA decreased in optic nerves. The retinal nerve fiber 
layer (RNFL) contains unmyelinated axons. Increased axonal loss in 
the RNFL is implied by a smaller retinal rim area. The linked down-
stream tissue, like the optic nerve, may experience myelin disintegra-
tion as a result of axonal degeneration, which also suggests axonal 
injury or loss.

For patients receiving radiosurgery treatment for CSM, GKR charac-
teristics such as the mean and maximum radiation dose to the opti-
cal apparatus are crucial. According to the literature, CSMs are often 
treated for GKR with a peripheral dose of 12-14 Gy. To reduce the 
dose to organs at risk below 10 Gy, the tumor’s closeness to optic path-
ways may dictate a dose reduction to 12 Gy.3 The volume of the optic 

apparatus that receives large dosages is correlated with the likelihood 
of vision impairment. Klinger et al28 showed that patients who received 
less than 10 Gy to the optic apparatus and those who received a peak 
dosage of less than 25 Gy to the CS did not experience any visual 
problems. In this study, the median maximum optic apparatus was 8 
Gy (range: 1-12 Gy) , the median optic apparatus dose was 2.8 (range: 
1-5.7 Gy) and median treatment dose was 12 Gy (range: 10-14 Gy). 
There was no complication associated with visual pathways 12 months 
after GKR at the level of these radiation doses. It was found that ADC, 
FA, and RD values obtained from visual pathways do not significantly 
differ before and after GKR. Despite no statistical significance, there 
exists a trend for decrease in FA values in patients with CSMs before 
GKR compared to healthy controls.

Radiation therapy decreases the FA of impacted white matter regions, 
according to several research. The total radiation dose appears to have 
an impact on this decrease in FA, which might be used to evaluate dose 
distribution. While demyelination has no effect on the axial diffusivity, 
it may enhance the RD.5 The FAs recorded at the optic chiasm decrease 
as the mean and maximum radiation doses administered to the optic 
nerve rise. The RDs recorded at the optic chiasm increase in propor-
tion to the maximal radiation exposure to the optic nerve and optic 
apparatus. As the maximum and mean radiation dose administered to 
the optic apparatus increase, the FAs obtained from the occipital lobe 
decrease and the ADC, RDs measured at the occipital dose increase. 
Decreased FA values in the occipital lobe and optic chiasma may indi-
cate axonal structural irregularity, demyelination, axonal degeneration, 
and white matter disintegration. These findings in the study defining 
that the radiation dose-related microstructural changes in visual path-
ways following GKR. The limitation of this study is a small number 
of patiens were included. And no other tests such as visual acuity or 
optical coherence tomography were performed on the patient or control 
groups. Fundus examination was not performed on the patient group. 
The fact that the visual impairments present in the patients before GKR 
treatment were not revealed by clinical data may have affected the find-
ings in the comparison of DTI results of the control group and patients 
who underwent GKR.

To the best of the authors’ knowledge, this is the first study to demon-
strate DTI features of the visual pathways in CSMs patients treated with 
GKR. These results suggest that GKR does not change significantly the 
DTI changes at visual pathways. Microstructural diffusion changes in 
optic pathway were correlated with the mean and maximum radiation 
doses receiving optic apparatus at 12 months. Diffusion tensor imaging 
may provide useful information to characterize changes of the radiation 
effects on visual pathways in patients with CS meningioma after GKR.
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Abstract

Objective: Chondromalacia patella is a degenerative disease of the articular cartilage in the patellofemoral joint, often leading to anterior knee pain and func-
tional impairment. Accurate diagnosis is crucial to prevent disease progression and enable early intervention. Magnetic resonance imaging (MRI) is considered 
the gold standard for assessing cartilage integrity; however, manual interpretation is subjective and requires expert radiologists. In this study, a deep learning–
based approach is proposed for the automatic classification of chondromalacia patella from MRI scans. A novel and domain-specific dataset was constructed for 
this study, consisting of labeled knee MRI scans obtained from routine clinical examinations.
Methods: This dataset is one of the first dedicated to chondromalacia patella classification, enhancing its originality and contribution to the field. The dataset was 
carefully curated and labeled by expert radiologists to ensure high diagnostic accuracy. It includes a diverse range of MRI images representing different grades 
of chondromalacia patella, making it a valuable resource for deep learning applications in musculoskeletal imaging.
Results: Three different models were evaluated: a custom-designed convolutional neural network (CNN) model and 2 pretrained architectures, VGG16 and 
ResNet50. Each model was trained and tested independently. The results indicate that both the custom CNN model and the VGG16 model achieved an accuracy 
of 92.66%, while the ResNet50 model performed slightly lower with an accuracy of 90.83%. Despite recent advancements in deep learning for musculoskeletal 
imaging, studies focusing specifically on chondromalacia patella remain limited.
Conclusion: This study addresses this gap by presenting an automated and objective diagnostic method that significantly enhances diagnostic accuracy. The 
results demonstrate the potential of deep learning methods in providing objective and highly accurate diagnoses from MRI scans, reducing the subjectivity asso-
ciated with manual evaluation and offering a reliable decision-support tool for clinicians.
Keywords: Chondromalacia patella, convolutional neural networks, deep learning, MRI classification, transfer learning

INTRODUCTION
Chondromalacia patella is a degenerative condition affecting the articular cartilage of the patellofemoral joint, one of the most critical structures of 
the knee. This condition frequently manifests as anterior knee pain and functional impairment, particularly in young and physically active individu-
als, often occurring during or after sports activities.1 According to the PearlDriver database, between 2007 and 2011, a total of 30 108 510 patients 
were recorded in the United States, among whom 2 188 753 individuals were diagnosed with patellofemoral pain (PFP). Of these cases, 437 711 
were identified as chondromalacia patella, accounting for 20% of all PFP patients. Furthermore, the incidence of chondromalacia patella was 60% 
in females and 40% in males.2 Chondromalacia patella, one of the potential causes of Patellofemoral Pain Syndrome, constitutes approximately 
10%-25% of all visits to physical therapy clinics.3 The structural integrity and friction-reducing properties of cartilage are essential for joint health; 
however, its limited self-repair capacity underscores the progressive nature of chondromalacia patella. Therefore, accurate and early diagnosis is 
crucial for preventing the deterioration of cartilage and determining appropriate treatment strategies.4

Traditional diagnostic methods include clinical examination, physical tests, and imaging techniques. Among these, magnetic resonance imaging 
(MRI) is considered the gold standard for evaluating chondromalacia patella due to its high-contrast and detailed visualization of cartilage struc-
tures.5 Magnetic resonance imaging can reveal both morphological and subtle compositional changes in the cartilage. Despite these advantages, the 
interpretation of MRI results is a subjective process that requires substantial expertise. Radiologists’ assessments can vary, and subtle early-stage 
cartilage lesions might be overlooked, leading to diagnostic delays.6 These limitations highlight the need for more objective and reproducible diag-
nostic methods to support clinical decision-making.
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A novel and domain-specific dataset was constructed for this study, 
consisting of labeled knee MRI scans obtained from routine clinical 
examinations. Given that there is no publicly available dataset spe-
cifically for chondromalacia patella, this study provides an important 
contribution by introducing an original dataset that can support future 
research. The dataset was carefully curated and labeled by expert 
radiologists to ensure high diagnostic accuracy. It includes a diverse 
range of MRI images representing different grades of chondromalacia 
patella, making it a valuable resource for deep learning applications in 
musculoskeletal imaging.

Recent advancements in artificial intelligence and deep learning have 
facilitated significant progress in the development of automated diag-
nostic systems for medical imaging. Deep learning models, particularly 
convolutional neural networks (CNNs), are capable of detecting micro-
level tissue abnormalities and pathological changes that may not be 
easily discernible by the human eye by leveraging large-scale datasets 
for training.7 In the assessment of patellar cartilage, these algorithms 
have demonstrated high accuracy in detecting early-stage lesions and 
relibly classifying disease severity.8 Consequently, deep learning–
based approaches hold substantial potential for expediting diagnostic 
processes and enhancing objective clinical evaluations.

Deep learning models have increasingly been integrated with MRI data 
for the diagnosis of various musculoskeletal conditions. Training these 
models on large patient cohorts has demonstrated their ability to accu-
rately detect different pathological stages of cartilage degeneration. 
Additionally, their high sensitivity and specificity in identifying micro-
scopic early-stage tissue alterations provide a significant advantage in 
guiding timely therapeutic interventions.9,10 As a result, the develop-
ment of automated and objective diagnostic systems offers promis-
ing advancements for both clinical practice and medical research by 
improving disease monitoring and treatment planning.

However, despite these technological advancements, the application of 
deep learning specifically to chondromalacia patella diagnosis remains 
underexplored. Most existing research on knee MRI has focused on 
broader pathologies or related cartilage conditions—such as fully auto-
mated detection of general cartilage lesions in the knee11 or the classifi-
cation of knee osteoarthritis severity from MRI.12 Comparatively little 
attention has been given to developing automated methods for diagnos-
ing patellofemoral cartilage lesions like chondromalacia patella. This 
gap in the literature highlights the need for a targeted investigation into 
whether deep learning can be effectively applied to detect chondroma-
lacia patella from routine MRI data. Addressing this need, the present 
study proposes a deep learning–based approach for the automatic clas-
sification of chondromalacia patella using knee MRI scans. A custom 
CNN architecture was developed and trained from scratch on annotated 

MRI images, and in addition, 2 state-of-the-art pretrained CNN models 
(VGG16 and ResNet50) were fine-tuned on the same dataset for trans-
fer learning. Each model was trained and validated independently on a 
large set of labeled patellofemoral cartilage images ( classified as cmp 
for chondromalacia and normal for healthy cartilage), and their diag-
nostic performance in distinguishing chondromalacia patella was sys-
tematically evaluated. By implementing and comparing both a novel, 
domain-specific CNN and established deep learning architectures, this 
study provides a comprehensive assessment of deep learning’s applica-
bility to chondromalacia patella detection.

The experimental findings demonstrate the efficacy of the proposed 
approach. Both the custom-designed CNN and the transfer learn-
ing–based VGG16 model achieved high classification accuracy (∼ 
92.7% on the test set), while the ResNet50 model attained a slightly 
lower accuracy (∼ 90.8%). This level of performance is notable, as it 
approaches the reliability of expert human interpretation and signifi-
cantly exceeds chance, indicating that subtle cartilage abnormalities 
associated with chondromalacia patella can be recognized consistently 
by deep learning models.

These results confirm the considerable potential of deep learning in 
providing objective and highly accurate diagnoses from MRI scans, 
directly addressing the subjectivity and variability inherent in manual 
MRI evaluation. The ability of the models to detect chondromalacia 
patella with such high accuracy underscores how artificial intelligence 
can augment clinical practice—particularly as a decision-support tool 
that identifies early-stage cartilage lesions for further review, thereby 
facilitating earlier interventions.

In the context of the literature, this work represents a significant 
advancement in automated medical diagnostics for musculoskeletal 
imaging. To the authors’ knowledge, it is one of the first studies to 
focus explicitly on chondromalacia patella classification using deep 
learning, thereby filling an important gap in the domain of knee car-
tilage assessment.

Overall, the study not only introduces an effective AI-driven solution 
for a specific diagnostic challenge but also advances the current state 
of knowledge by demonstrating that deep learning can be successfully 
harnessed for patellofemoral cartilage evaluation. This contribution 
lays the groundwork for future research and development of AI-assisted 
diagnostic tools in orthopedics, ultimately aiming to improve diagnos-
tic accuracy and patient outcomes for knee joint disorders.

MATERIAL AND METHODS
The knee MRI data used in this study were obtained from routine clini-
cal examinations at Ankara Training and Research Hospital. All pro-
cedures were approved by the institutional Ehics Committee of Gazi 
University (Approval No: 1117365; Date: 13.12.2024). As this was a 
retrospective study, the imaging data were obtained from an existing 
database; therefore, informed consent was not required. Imaging was 
performed using a 1.5 Tesla MRI scanner (Siemens) with T2-weighted 
and Proton Density sequences at a slice thickness of 3 mm and in-
plane matrix size of 512 × 512 (field of view 16 cm). Images in sagit-
tal, coronal, and axial planes focusing on the patellofemoral joint were 
included to capture the cartilage from multiple views. The dataset was 
categorized into 2 classes: chondromalacia patella (CMP) and normal 
(Figure 1). In total, 1073 MRI slice images were collected, with 648 
labeled as CMP and 425 as normal. For model development and evalu-
ation, the data were stratified and split into training, validation, and 

MAIN POINTS

•	 Understand the role of deep learning in diagnosing chondromalacia 
patella from magnetic resonance imaging (MRI) scans.

•	 Recognize the importance of creating a dedicated and expertly labeled 
MRI dataset for accurate model training.

•	 Compare the diagnostic performance of different convolutional neural 
network architectures, including custom and pretrained models.

•	 Evaluate the potential of artificial intelligence–based systems to sup-
port clinical decision-making and reduce diagnostic subjectivity.
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test subsets, as illustrated in Figure 2. The training set consisted of 
858 images (518 CMP, 340 normal), the validation set contained 106 
images (64 CMP, 42 normal), and the test set included 109 images (66 
CMP, 43 normal). This stratified split ensured a balanced representation 
of both classes across all subsets, facilitating robust model training and 
evaluation. All images were initially assessed by a specialist musculo-
skeletal radiologist, and a second independent radiologist reviewed the 
labels to ensure diagnostic accuracy. Low-quality or artefactual scans 
were excluded prior to analysis. Before input to the deep learning mod-
els, all MR images underwent standard preprocessing. Each image was 
resized to 224 × 224 pixels to fit the input requirements of the CNN 
models. Intensity values were normalized to the range [0, 1] by linear 
scaling of pixel values, which facilitates network training and conver-
gence. To prepare for training, the training images were randomly shuf-
fled (to eliminate any unintended ordering biases) and then batched. A 
mini-batch size of 32 was used, balancing convergence stability with 
computational efficiency. This batching, along with an optimized data 
pipeline (including data shuffling and prefetching), helped improve 
training throughput and prevented the model from learning spurious 
sequential patterns. No additional data augmentation was applied, so as 
to evaluate the models on the original image distributions.

Experimental Study
We developed a custom CNN architecture for the binary classification 
of chondromalacia patella. The network consisted of 4 convolutional 
blocks followed by fully connected layers (Figure 3). In the first con-
volutional layer, 32 filters of size 3 × 3 were applied to extract low-
level visual features from the input MR images. A Rectified Linear 
Unit (ReLU) activation was used after each convolution to introduce 
nonlinearity, defined as (1):

f x x� � � � �max ,0 	 (1)

Each convolutional block also included a 2 × 2 max-pooling layer that 
down-sampled feature maps (reducing spatial dimensions by a factor 
of 2) to highlight the most salient features and reduce computational 
complexity. As the network depth increased, the number of filters in 
convolutional layers was doubled (32 → 64 → 128 → 256) in succes-
sive blocks to learn more complex and abstract feature representations.

To mitigate overfitting, dropout regularization13 was incorporated after 
certain layers. For example, after the first convolutional block, a drop-
out layer with a rate of 0.2 was applied—meaning each neuron in that 

layer was retained with a probability of 0.8 and dropped with a prob-
ability of 0.2 during training. Similar dropout layers with increasing 
drop rates (0.3, 0.4, and 0.5 in subsequent blocks) were used as the 
network grew deeper, progressively randomizing neuron activations to 
encourage generalization. The output feature maps from the final con-
volutional layer were flattened into a one-dimensional vector, which 
was then fed into a dense fully connected layer of 256 neurons. This 
dense layer also used ReLU activation to learn high-level combinations 
of the extracted features. Another dropout layer (50% rate) followed 
the dense layer to further reduce overfitting.

Finally, the network’s output layer was a single neuron with a sigmoid 
activation function, producing a probability between 0 and 1 to indicate 
the likelihood of the input image being classified as chondromalacia. 
The sigmoid function is defined as (2):

� x
e x� � �

� �
1

1
	 (2)

where x represents the input to the activation function. The sigmoid 
function squashes the input into a range between 0 and 1, making it par-
ticularly suitable for binary classification problems such as chondro-
malacia detection. The function ensures that outputs can be interpreted 
as probabilities, which facilitates decision-making in the classification 
process.

In summary, the custom CNN architecture was designed to progres-
sively extract features through convolution and pooling while using 
ReLU activations and dropout regularization to ensure robust learning 
and prevent overfitting.

In the second phase of the study, transfer learning was employed to 
evaluate the performance of pretrained VGG1614 and ResNet5015 mod-
els. Transfer learning is based on the principle of utilizing pretrained 
models with frozen lower-layer weights while retraining only the upper 
layers for a specific target dataset, as illustrated in Figures 4 and 5.

Depending on the model selection, VGG16 or ResNet50 was loaded with 
pretrained weights from the ImageNet dataset, while the fully connected 
layers were excluded (include top=False). This approach preserved the 
feature extraction capabilities of the original model, ensuring that only 
the classification layer was retrained for the target dataset.

Initially, all layers of the base models were frozen (trainable = False). 
However, to enhance generalization, in the VGG16 model, the first 10 

Figure 1.  Examples of the dataset.
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layers were frozen while the remaining layers were made trainable, 
whereas in the ResNet50 model, the last 20 layers were fine-tuned to 
adapt the model to the target dataset.

The feature maps extracted from the base model were processed 
through a Global Average Pooling (GAP) layer. The GAP layer com-
putes the mean activation of each feature map, reducing the number of 
trainable parameters and mitigating the risk of overfitting.

Following the GAP layer, a fully connected (dense) layer with 128 
neurons and a ReLU activation function was incorporated. To further 
prevent overfitting, a 50% dropout layer was applied. Finally, a single 
neuron with a sigmoid activation function was used in the output layer 
for binary classification.

All models (the custom CNN and the 2 transfer learning models) were 
trained using a consistent procedure to ensure a fair comparison. The 
network weights were optimized using the Adam optimization algo-
rithm, which is an adaptive stochastic gradient descent method. Adam 
maintains moving averages of the gradient and its square to adapt 
the learning rate for each parameter. At each training step t, the first 
moment mt (mean of gradients) and second moment vt (uncentered vari-
ance) are updated as (3-4):

m m gt t t� � �� ��� �1 1 11 	 (3)

m m gt t t� � �� ��� �1 1 11 	 (4)

where gt is the gradient of the loss with respect to the model parameters 
at step t, and β1 and β2 are the decay rates for the moving averages 
(typically β1 = 0.9, β2 = 0.999). The learning rate was initially set to 1 × 
10−4 for all experiments, as this small rate provided stable learning for 

complex models. Model parameters were updated using backpropaga-
tion to minimize the classification loss.

The binary cross-entropy loss function is employed, which is suitable 
for binary classification problems. This loss function measures the dis-
crepancy between predicted probabilities and true labels, and is defined 
as (5):

L
N

y y y y
i

N
i i i i� � � � � �� � �� ��

��
�
����1 1 1

1
log log� � 	 (5)

where:

•	 N is the total number of training samples,
•	 yi ∈{0,1} is the true label of sample i (with 1 representing chon-

dromalacia patella and 0 representing normal cartilage),
•	 yˆi is the predicted probability that sample i belongs to the positive 

class (CMP).

This loss function penalizes confident misclassifications heavily, guid-
ing the optimizer towards improved predictions.

During training, dropout layers were activated as described in the 
model architecture. This means that in each iteration, different sub-
sets of neurons were randomly dropped, helping the Adam optimizer 
generalize the model. Training was carried out in mini-batches of 32 
images, striking a balance between computational efficiency and gradi-
ent estimation stability. The models were trained for a maximum of 100 
epochs or until convergence.

To prevent overfitting, an early stopping strategy was implemented 
based on validation performance. Specifically, if the validation loss 
did not improve for a patience period of 10 consecutive epochs, train-
ing was halted. The model parameters corresponding to the epoch 
with the lowest validation loss were then restored as the final model. 

Figure 2.  Distribution of the dataset across training, validation, and test sets for chondromalacia patella and normal classes.
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This ensured that the best-performing model on validation data was 
retained rather than one that might have started overfitting with con-
tinued training.

The entire training process was executed using the TensorFlow/Keras 
deep learning framework. Model training and validation were per-
formed on an NVIDIA GPU, which accelerated the computation of 
convolution operations and gradient updates. By the end of training, 
3 trained models were obtained (the custom CNN, VGG16-based, and 
ResNet50-based), each with learned parameters optimized to distin-
guish chondromalacia patella from normal cartilage in MRI slices.

Results
After training, each model’s performance was evaluated on the held-
out test set using standard classification metrics. The focus was on 
metrics that reflect both overall accuracy and the model’s ability to 
correctly identify the positive class ( chondromalacia patella).

Accuracy was calculated as the proportion of correctly classified 
images among all test images (6):

Accuracy TP TN
TP TN FP FN

�
�

� � �
	 (6)

Figure 3.  The structure of the custom neural network.
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where:

•	 TP (True Positives) - Correctly predicted chondromalacia cases.
•	 TN (True Negatives) - Correctly predicted normal cases.
•	 FP (False Positives) - Normal cases incorrectly predicted as 

chondromalacia.
•	 FN (False Negatives) - Chondromalacia cases incorrectly pre-

dicted as normal.

While accuracy provides an overall measure of performance, it can be 
less informative when dealing with imbalanced datasets. Therefore, 
additional evaluation metrics were used to assess the model’s perfor-
mance more comprehensively.

Precision, also known as positive predictive value, measures how reli-
able the model’s chondromalacia predictions are. It is defined as (7):

Precision TP
TP FP

�
�

	 (7)

A higher precision indicates that when the model predicts chondroma-
lacia, it is often correct. High precision minimizes false alarms, which 
is particularly important in clinical applications where unnecessary 
interventions should be avoided.

Recall, also known as sensitivity, measures how well the model identi-
fies true chondromalacia cases. It is given by (8):

Recall TP
TP FN

�
�

	 (8)

A high recall means that the model is effective at detecting chondro-
malacia and misses few actual cases, which is crucial for ensuring that 
patients with the condition are correctly identified.

To balance precision and recall, the F1-score is computed, which is the 
harmonic mean of precision and recall (9):

F1 2
�

� �
�

Precision Recall
Precision Recall

	 (9)

The F1-score is particularly useful when the positive class (chondro-
malacia) is of primary importance. It provides a single metric that 
reflects both the reliability of positive predictions and the ability to 
detect true cases.

To further analyze the model’s classification performance, the con-
fusion matrix is computed, which compares the model’s predictions 
with the ground-truth labels on the test set. This structured representa-
tion details the number of correctly and incorrectly classified samples 
across different categories.

In reporting results, the emphasis was on both accuracy and F1-score as 
indicators of overall effectiveness, while precision and recall provide 
further insight into the model’s ability to correctly identify chondroma-
lacia cases. These metrics help assess the model’s capability to detect 
chondromalacia while minimizing false positives and false negatives, 
ensuring both high sensitivity and specificity in clinical applications.

Figure 4.  VGG16 model arhitecture.
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Table 1 the accuracy, precision, recall, and F1-score metrics obtained 
for each model across the training, validation, and test phases. The 
ResNet50 model was pretrained on the ImageNet dataset and fine-
tuned by making the last 20 layers trainable. The model achieved a 
test accuracy of 90.83%, with precision, recall, and F1-score values of 
86.67%, 90.70%, and 88.64%, respectively. The validation accuracy of 
ResNet50 was 90.57%, indicating that overfitting was effectively mini-
mized and the model maintained a strong generalization capability.

Similarly, the VGG16 model was fine-tuned by unfreezing its last 10 
layers, followed by training on the target dataset. The model achieved a 
test accuracy of 92.66 %, with precision, recall, and F1-score values of 
90.70% across all metrics. The validation accuracy was 89.62%, dem-
onstrating superior test accuracy compared to ResNet50.

The custom CNN model, designed from scratch, consisted of three 
convolutional blocks followed by fully connected layers. The model 
was trained for 42 epochs, achieving a test accuracy of 92.66%, with 
precision, recall, and F1-score values of 88.89%, 93.02%, and 90.91%, 
respectively. Notably, the validation accuracy of 96.23% suggests that 
the custom CNN exhibited a higher generalization performance com-
pared to the transfer learning–based models.

Overall, the experimental results indicate that both VGG16 and the 
custom CNN model demonstrated superior classification performance, 
while ResNet50 exhibited slightly lower accuracy. The findings high-
light the effectiveness of transfer learning for medical image classifica-
tion, while also emphasizing the potential of custom-built architectures 
tailored to specific tasks.

Figure 6 presents the training and validation performance of three 
models: (a) Custom CNN, (b) VGG16, and (c) ResNet50. Each sub-
figure displays accuracy (left) and loss (right) over training epochs. 
The custom CNN model shows a consistent increase in training and 
validation accuracy, with minor fluctuations in validation accuracy. 
The validation loss decreases smoothly, indicating good generaliza-
tion with minimal overfitting. In contrast, the VGG16 model exhibits 
noticeable fluctuations in validation accuracy, suggesting instability in 
learning. The ResNet50 model demonstrates stable performance, with 
training and validation accuracy curves closely aligned. The validation 
loss decreases steadily and follows the training loss trend, suggesting 
strong generalization and minimal overfitting.

Table 2 presents the confusion matrices for Custom CNN, VGG16, and 
ResNet50. ResNet50 achieves the highest number of correctly classified 
CMP samples (62), followed by Custom CNN (61) and VGG16 (60). In 
the normal class, Custom CNN correctly classifies 40 instances, while 

ResNet50 and VGG16 classify 39. Misclassification rates are slightly 
higher in VGG16, with 6 CMP samples incorrectly labeled as normal and 
4 normal samples predicted as CMP. ResNet50 exhibits the lowest over-
all misclassification, indicating superior generalization performance.

DISCUSSION
This study demonstrates the effectiveness of deep learning models in 
classifying chondromalacia patella from MRI images. The comparative 
analysis of ResNet50, VGG16, and a custom CNN model highlights 
the significance of architectural selection in medical image classifi-
cation. The superior performance of the custom CNN model, which 
achieved 92.66% test accuracy and an F1-score of 90.91%, suggests 
that task-specific architectures can exhibit better generalization capa-
bilities for specific medical imaging tasks.

Deep learning–based studies on MRI analysis of musculoskeletal 
disorders have been previously investigated. Prior research has dem-
onstrated the suitability of CNNs for classifying knee pathologies.16 
A recent study using 3D CNNs for knee osteoarthritis classification 
achieved 86.5% accuracy, demonstrating the effectiveness of deep 
learning in musculoskeletal imaging.17 Similarly, a VGG16-based clas-
sification approach reported 86.7% accuracy, supporting the feasibility 
of transfer learning for knee pathology diagnosis.18

In comparison, this study showed that ResNet50 achieved 90.83% 
accuracy, surpassing previous models based on 3D CNNs and VGG16. 
However, the custom CNN model outperformed all other approaches, 
highlighting the importance of architecture optimization in improving 
classification performance. The ability of the custom CNN to achieve 
superior generalization suggests that designing models tailored to spe-
cific medical imaging tasks may be more effective than relying solely 
on transfer learning.

Furthermore, the low false positive and false negative rates observed 
in the confusion matrix suggest that the custom CNN model effectively 
distinguishes between CMP and normal cases, reducing the risk of mis-
classification. This improvement can be attributed to the use of dropout 
regularization, fine-tuned convolutional layers, and an optimized train-
ing strategy.

Additionally, the choice of the Adam optimization algorithm with a 
learning rate of 1e-4 contributed to stable training performance. Studies 
by Kingma and Ba12 (2014) demonstrate that Adam outperforms tradi-
tional stochastic gradient descent in medical image analysis.

The batch size of 32 was chosen based on recent findings that smaller 
batch sizes can improve model generalization and latent feature 

Figure 5.  ResNet50 model architecture.
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extraction in medical imaging tasks,19 while also balancing computa-
tional efficiency as demonstrated in studies with MobileNet V2 and 
ShuffleNet.20

The superior performance of the custom CNN model can be attributed 
to several key factors. First, its architecture was specifically designed 
for chondromalacia patella detection. While standard architectures 
such as ResNet50 and VGG16 are pretrained on large-scale datasets 
like ImageNet, the custom model was optimized to focus on the distinct 
characteristics of musculoskeletal MRI scans. Second, the low false 
positive and false negative rates observed in the confusion matrix sug-
gest that the model effectively differentiates between varying severity 
levels of chondromalacia patella.

From a clinical perspective, the implementation of deep learning 
models for MRI-based chondromalacia patella diagnosis offers sev-
eral advantages. One of the most notable benefits is the reduction 
of inter-observer variability, which is a common challenge in radio-
logical assessments. Studies have reported inconsistencies in manual 
grading and interpretation of MRI scans, highlighting the need for 
automated decision-support systems to enhance diagnostic reliability 
and standardization.6

The high classification accuracy and F1-score achieved by the cus-
tom CNN model suggest that deep learning can provide objective and 
reproducible evaluations, assisting radiologists and medical special-
ists in clinical decision-making.7,8 Furthermore, deep learning–based 
classification can significantly reduce interpretation time, allowing for 
more efficient and timely diagnoses, ultimately improving patient man-
agement and treatment planning.

This study highlights the effectiveness of deep learning models, par-
ticularly a custom-designed CNN, in diagnosing chondromalacia 
patella from MRI scans. The experimental results demonstrate that 
the custom CNN and VGG16 models achieve superior performance, 
while ResNet50 exhibits slightly lower accuracy. The findings empha-
size the potential of custom-built architectures and transfer learning in 
medical image classification, while also underscoring the importance 
of further research into domain-specific optimizations. Despite the 
promising results, this study has several limitations. A primary con-
cern is the limited dataset size, which may affect the model’s general-
izability across diverse patient populations. Utilizing larger and more 
varied MRI datasets could enhance model robustness and clinical 
applicability. Studies have shown that deep learning models trained 
on extensive and heterogeneous data perform better across different 
clinical settings. Another significant issue is the domain gap between 
natural images used in pretrained models (e.g., ImageNet) and medi-
cal images like MRI scans. This disparity can limit the effectiveness 
of transfer learning in medical imaging applications. Research indi-
cates that models pretrained on medical-specific datasets, such as 
RadImageNet, outperform those trained on natural image datasets, 
underscoring the importance of domain-specific pretraining. Future Ta
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Table 2.  Confusion Matrices for Different Models

Model
True: CMP True: NORMAL

CMP NORMAL CMP NORMAL
Custom CNN 61 5 3 40
VGG16 60 6 4 39
ResNet50 62 4 4 39
CMP, chondromalacia patella.
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Figure 6.  Comparison of training and validation performance across different models. (A) Training and validation accuracy/loss of custom CNN. (B) Training and 
validation accuracy/loss of VGG16. (C) Training and validation accuracy/loss of ResNet50.
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work should focus on improving scalability, expanding the dataset, 
and developing fully automated deep learning pipelines to enhance 
clinical applicability. Given the scarcity of labeled medical imag-
ing data, exploring semi-supervised learning techniques presents a 
viable alternative. Methods like self-supervised learning have shown 
promise in leveraging unlabeled data to improve model performance 
in medical image analysis. Additionally, incorporating training mod-
els on medical-specific datasets may further improve generalization. 
By addressing these aspects, deep learning approaches can contrib-
ute more effectively to the automated diagnosis of musculoskeletal 
conditions, ultimately improving clinical decision-making and patient 
outcomes.
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Abstract

Objective: This study aimed to investigate the effect of breast fibroglandular tissue density on tumor visibility and characterization efficacy in diffusion-weighted 
magnetic resonance imaging (DWI-MRI).
Methods: After ethics committee approval from Karadeniz Technical University (No: 2025/16, Date: 25.03.2025), 2 independent readers retrospectively evalu-
ated the images of 216 consecutive patients (age range, 16-85 years; mean, 45.5 years) who underwent breast MRI for suspicious clinical-radiological findings 
and later received a definite diagnosis. Only diffusion-weighted images were used at all stages of evaluation. Evaluation parameters were tumor visibility (4-point 
scale), malignancy probability (7-point scale), and tumor apparent diffusion coefficient (ADC) value. The most suspicious single index lesion was evaluated 
for each patient. The malignancy scores were determined by considering the morphologic features and the signal of tumors on the ADC map. The ADC values 
were measured manually on an MRI workstation. Later on, breast densities determined jointly by the readers using T1-weighted images according to the Breast 
Imaging Reporting and Data System (BI-RADS) classification. Student’s t-test, Chi-square test, and receiver operating characteristic analysis were used to sta-
tistically compare tumor visibility and diagnostic efficacies in different breast density groups (A, B = non-dense, C, D = dense).
Results: Of the 216 patients, 116 (54%) had dense while 100 (46%) had non-dense breast tissue. Around 131 (61%) of the lesions were malignant and 85 (39%) 
were benign. In 80%-90% of cases with either dense or non-dense breasts, high-moderate tumor visibility was obtained. There was no significant difference 
between the dense and non-dense breasts in terms of tumor visibility (P ≥ .216) (Table 1). The mean ADC value in malignant tumors was lower than in benign 
tumors (P < .001). The agreement between the malignancy scores of the readers was moderate (kappa = 0.597, P < .001). Diagnostic accuracy values in dense 
breasts were generally higher than in non-dense breasts (Tables 2 and 3). However, for neither of the evaluation methods nor readers, the result was statistically 
significant (P ≥ .154).
Conclusion: In dense breasts, the risk of cancer is higher and the diagnostic efficacy of mammography is low. Therefore, additional methods are needed to 
increase the diagnostic efficacy in malignant tumors. Diffusion MRI is a very popular, highly efficient, easy-to-apply non-contrast-enhanced MR-based molecu-
lar imaging method. It has become a standard in routine clinical applications as an adjunct to breast dynamic contrast-enhanced MRI but it is also suitable for 
standalone use.
In conclusion, malignant tumors are highly visible on diffusion MRI and differentiation of malignant from benign tumors can be made with 80%-90% accuracy 
regardless of breast density. It provides both qualitative and quantitative data. Qualitative data might also be used to grade malignancy probability like in the 
BI-RADS system. As a result, especially in dense breasts, diffusion MRI might be used in addition to mammography to improve the cancer detection ability.
Keywords: Breast, Diffusion-weighted MRI, DWI-MRI, Fibroglandular tissue density

INTRODUCTION
Breast cancer is a relatively common and potentially life-threatening serious disease that affects millions of women globally.1 The diagnosis of 
breast cancer on mammography is limited in dense breast. While the detection rate is close to 100% in American College of Radiology (ACR) type 
1 fibroglandular breast density, this rate decreases to 50% in ACR type 4 dense breast patterns.2

Breast density, a significant patient-specific variable, is one of the most critical determinants of diagnostic accuracy in mammography. The presence 
of dense fibroglandular tissue not only indicates an increased risk of cancer (4-6 fold) but also diminishes diagnostic efficacy in mammography.3 
Consequently, patients with dense breast patterns require additional modalities to enhance diagnostic accuracy.4

Magnetic resonance imaging (MRI) is a valuable complementary imaging modality to mammography and ultrasound for the assessment of suspi-
cious breast lesions.5 Despite its high diagnostic accuracy, its limited accessibility, high cost, time-consuming nature, and requirement for contrast 
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agents restrict its widespread use. Consequently, while its utility in 
improving cancer detection in dense breasts is well-established, it has 
not been universally adopted for screening purposes.

Research is ongoing to enhance the diagnostic specificity of breast 
MRI through the development of novel imaging sequences and post-
processing algorithms. In this context, diffusion-weighted imaging has 
emerged as a valuable tool for breast lesion characterization, being 
increasingly incorporated into routine MRI protocols in recent years.6

Diffusion-weighted magnetic resonance imaging (DWI-MRI) is a non-
invasive imaging modality that provides both qualitative and quantita-
tive data without the need for contrast agents.

Diffusion-weighted imaging is a non-invasive molecular imaging 
modality that quantifies the random Brownian motion of water mol-
ecules within tissues. This technique characterizes tissue microstruc-
ture, with the diffusion of water molecules being primarily influenced 
by tissue cell density. The apparent diffusion coefficient (ADC) is a 
quantitative parameter used to assess the degree of diffusion.7

The DWI-MRI is an advanced radiological imaging technique that 
has demonstrated high efficacy in characterizing breast tumors.8 Key 
parameters assessed in DWI include the ADC value, DWI signal inten-
sity, and tumor morphology. By evaluating ADC values and tumor 
morphology, DWI can differentiate between benign and malignant 
tumors with an accuracy of 80%-90%.

To assess the potential utility of DWI-MRI as an alternative diagnostic 
modality in patients with dense breast tissue, it is crucial to evaluate the 
efficacy of DWI in visualizing and characterizing breast tumors.

This study aimed to evaluate the effect of breast fibroglandular tissue 
density on tumor visualization and characterization in DWI-MRI.

MATERIAL AND METHODS
Subjects
This retrospective study received approval from the Karadeniz 
Technical University Ethics Committee (Approval no: 2025/16 Date: 
March 25, 2025). Written informed consent forms were obtained from 
all patients participating in the study.

After ethical community approval, 2 independent readers (R1 and R2) 
retrospectively evaluated DWI MR images of 216 consecutive patients 
(age range, 16-85 years; mean, 45.5 years) who underwent breast MRI 
due to suspicious clinical-radiological findings and received a defini-
tive diagnosis.

Of the total cases, 189 received a definitive diagnosis based on his-
topathological examination of surgically excised or needle-biopsied 

specimens, while 27 cases were diagnosed based on stable lesion char-
acteristics observed for over 2 years.

Lesions characterized as focus and non-mass enhancement, cysts, and 
patients who had undergone neoadjuvant chemotherapy were excluded 
from the study.

Magnetic Resonance Imaging Protocol
Imaging was performed on 1.5T MRI systems (Siemens Magnetom 
Symphony and Aera; Siemens Healthcare, Erlangen, Germany) using 
dedicated phased-array breast coils.

The imaging protocol included T2-weighted (TR/TE, 4000/70 ms; 
FOV read 350; 3 mm thickness; number of slices 20), dynamic 
contrast-enhanced T1-weighted (TR/TE, 700/12 ms; FOV read 
350; thickness 2 mm; number of slices 30), and diffusion-weighted 
sequences (DWI technical parameters; 4-channel coil, axial plan, 
Diffusion MRI sequence–2B SE-EPI; TR/TE 5400/94; Slice thick-
ness 3 mm; In-plane reszolüsyon (mm); 1.7 × 1.7; Matrix 192 × 
192; Fat Supression; Bandwidth (BW) 1370; b value 50, 400, 1000; 
Acquisition time (min) 2.38).

For dynamic contrast enhancement, 0.1 mmol/kg body weight of gado-
linium-based contrast agent was administered intravenously at a rate of 
2 mL/s, followed by a 20-mL saline flush. Diffusion-weighted imaging 
was acquired prior to dynamic contrast-enhanced imaging. Apparent 
diffusion coefficient maps were automatically generated.

Qualitative Analysis of Magnetic Resonance Imaging
Image interpretation was performed independently by 2 experienced 
radiologists (Radiologist H.A.A.K. with 20 years and Radiologist S.K. 
with 25 years of breast MRI experience) on a Leonardo workstation 
(Siemens Healthcare).

MAIN POINTS

•	 This study reveals diffusion-weighted magnetic resonance imaging 
(DWI-MRI) demonstrates high diagnostic efficacy in both dense and 
non-dense breasts, offering a promising tool for breast cancer detection.

•	 Despite higher tumor visibility in non-dense breasts, the diagnostic 
accuracy was not significantly affected by breast density.

•	 The DWI-MRI can be a valuable adjunct to mammography, especially 
in challenging cases such as dense breasts.

Table 1.  Tumor Visibility at Different Breast Densities

Breast Density
Average Visibility Score

R1 R2
Non-dense (type a, b) 2.60 2.62
Dense (type c,d) 2.32 2.34
P .032 .022

Table 2.  Diagnostic Efficiency of Diffusion MRI According to BI-RADS 
Scoring in Different Breast Densities BI-RADS Score

​
R1 R2

Sensitivity  Specifity  AUC Sensitivity  Specifity AUC
Non-
dense

86% 45% 0.820 94% 56% 0.827

Dense 93% 54% 0.893 92% 65% 0.901
P .395 .590 .184 .886 .575 .167

Table 3.  Diagnostic Efficiency of Diffusion MRI Calculated from ADC Value 
at Different Breast Densities ADC

​
R1 R2

Sensitivity Specifity  AUC Sensitivity Specifity  AUC
Non-
dense

79% 65% 0.704 88% 59% 0.782

Dense 89% 72% 0.805 97% 70% 0.835
P .228 .645 .154 .135 .420 .401
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Evaluations for DWI were conducted in separate sessions separated 
by a 3-week interval. Throughout the interpretation process, the radi-
ologists remained blinded to clinical information and final diagnostic 
outcomes.

Evaluation parameters included tumor visibility (scored on a 4-point 
scale: 0 not seen, 1 = poor, 2 = moderate, 3 = high), Breast Imaging 
Reporting and Data System (BI-RADS) score, and tumor ADC value. 
Each case was evaluated based on a single, index lesion that was con-
sidered to be the most suspicious.

The BI-RADS score (7-point scale) (citation BI-RADS 2013) was 
determined considering the morphological features of the tumor on 
diffusion-weighted images and the signal intensity on the ADC map. 
Tumor ADC values were measured from the ADC maps. The effective-
ness of tumor visibility and characterization in different breast den-
sities (a, b = non-dense; c, d = dense) was compared using Student’s 
t-test, chi-square test, and receiver operating characteristic (ROC) 
analysis.

Quantitative Analysis of Magnetic Resonance Imaging
Tumor size and ADC values were assessed by a single radiologist 
(X) following the completion of morphologic evaluations. This 
assessment constituted the final stage of the independent read-
ing sessions conducted by this radiologist. Tumor size was deter-
mined on the axial slice demonstrating the largest tumor dimension. 

The ADC values were measured on ADC maps utilizing circular 
regions of interest encompassing at least 3 pixels. Measurements 
were acquired from the region within the tumor exhibiting the most 
pronounced diffusion restriction. A minimum of 3 measurements 
were performed, and the lowest value was utilized for subsequent 
analysis.

Statistical Analysis
Statistical analyses were conducted using SPSS Statistics version 23.0 
(IBM SPSS Corp.; Armonk, NY, USA).

Inter-method and inter-reader agreement was assessed using Cohen’s 
kappa statistics. Kappa values were calculated 0.597, P < .001. The 
discriminative ability of DWI parameters was evaluated using ROC 
curve analysis. Sensitivity, specificity, and area under the curve (AUC) 
values were calculated for each MRI system to assess the diagnostic 
performance.

Statistical significance was defined as a P-value less than .05.

RESULTS
A total of 86 benign and 130 malignant cases were included in the study. 
One hundred and sixteen cases had dense breast parenchyma, while 100 
had non-dense parenchyma. The mean tumor visibility score on DWI-
MRI was significantly higher in non-dense breasts compared to dense 
breasts (P < .03) (Table 1). The diagnostic performance of DWI for 

Figure 1.  Invasive ductal carcinoma of 11 mm. An irregularly shaped mass is visible on the T2-weighted image (A). The mass is highly visible and has high DWI 
signal as seen on the high b value image. Malignancy score was 5-6 on qualitative assessment (B). The ADC value of the mass was measured as 0.95-1.02 × 10−3 
mm2/s on ADC map (C).

Figure 2.  Invasive ductal carcinoma of 21 mm. Due to dense breast pattern tumor is not visible on the T2-weighted image (A). The mass is highly visible and has 
high DWI signal on the high b value image. Malignancy score was 7 (B). The ADC value was 0.56-0.72 × 10−3 mm2/s, measured on the ADC map (C).
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Figure 3.  Sensitivity, specificity, and diagnostic accuracies (AUC value) were calculated from the BI-RADS score and ADC value of dense breast densities. No 
difference was found in the sensitivity, specificity, and AUC value calculated from the BI-RADS score and ADC value in different breast densities (P > .05).

Figure 4.  Sensitivity, specificity, and AUC value calculated from the BI-RADS score and ADC value of non-dense breast densities. No difference was found in the 
sensitivity, specificity, and AUC value calculated from the BI-RADS score and ADC value in different breast densities (P > .05).
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cancer detection was calculated 89%-97% in dense breasts and 79%-
94% in non-dense breasts (Figures 1 and 2). However, there were no 
significant differences in sensitivity, specificity, and diagnostic accu-
racy (AUC value) based on BI-RADS score (Table 2) and ADC value 
(Table 3) across different breast densities (P > .05) (Figures 3 and 4).

The mean ADC value was significantly lower in malignant tumors 
compared to benign tumors (P < .001).

There was a moderate level of inter-observer agreement in BI-RADS 
assessment (kappa = 0.597, P < .001).

DISCUSSION
The results indicate that DWI-MRI can effectively visualize and char-
acterize breast lesions without being influenced by breast fibroglandu-
lar tissue density. This conclusion is supported by the observation of 
significantly lower mean ADC values in malignant lesions compared 
to benign lesions.

These findings corroborate the observations of previous research 
which demonstrated diminished ADC values in malignant breast neo-
plasms.1 This reduction is attributed to the increased cellular density 
and restricted water movement within these tumors.

The DWI-MRI is an advanced radiological imaging technique with 
high efficacy in characterizing breast tumors even in dense breasts. By 
evaluating the ADC value and tumor morphological features, benign 
and malignant tumors can be differentiated with 80%-90% accuracy. 
However, the diagnostic accuracy of DWI-MRI is influenced by vari-
ous technical and patient-related factors.

Breast fibroglandular tissue density, a significant patient-related vari-
able, is a major determinant of diagnostic efficacy in mammography. 
Effective fat suppression in DWI-MRI is indispensable for enhancing 
tumor visibility and reducing artifacts. While it might be expected 
that DWI-MRI would have reduced diagnostic efficacy in breasts 
with excessive fatty tissue due to suppression issues and artifacts, 
this study demonstrated that the diagnostic efficacy of DWI-MRI is 
not affected by breast density and tumor visibility is higher in fatty 
breasts.

In a retrospective study performed by Wielema et al9 in 400 consecu-
tive patients with no history of breast surgery or breast implants, dense 
breasts were found to have excellent fat suppression and significantly 
higher DWI image quality than non-dense breasts. The findings pro-
vide further evidence in support of the conclusions drawn in this study 
with quantitative ADC calculations.

According to this study results, DWI-MRI demonstrates a high sen-
sitivity for the detection of malignant breast tumors, independent of 
breast fibroglandular tissue density.

Tumor visibility and the diagnostic accuracy of DWI are not influenced 
by fibroglandular tissue density.

This retrospective study has several limitations. The distribution of 
benign and malignant tumors may not be representative of the general 
population, and histopathological correlation was lacking in 27 cases. 

Additionally, the study’s focus was limited to index tumors. Larger-
scale studies are required to fully document the efficacy of DWI in all 
its applications.

Diffusion-weighted MRI can serve as a valuable adjunct to conven-
tional mammography in improving the detection of breast cancer, par-
ticularly in women with dense breasts.
The diagnostic efficacy of DWI-MRI is unaffected by breast fibroglan-
dular tissue density. Diffusion-weighted imaging demonstrates a high 
detection rate of cancer in dense breasts, making it a potential alterna-
tive to mammography in clinical settings where mammography is less 
effective.
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