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Use of Spherical Segmentation Radiomic Analysis for
Differentiation of Odontogenic Keratocysts and Radicular
Cysts

Odontojenik Keratokistler ile Radikdler Kistlerin Ayirt Edilmesinde Kiresel
Segmentasyon Teknigi ile Elde Edilen Radyomik Ozelliklerin Kullanimi
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ABSTRACT

INTRODUCTION: The objective of this study was to investigate the potential of radiomics in distinguishing between odontogenic
keratocyst, a developmental odontogenic cyst, and radicular cyst, an inflammatory odontogenic cyst.

MATERIAL and METHODS: This retrospective case-control study included 10 patients with odontogenic keratocysts who were
admitted to the Department of Oral and Maxillofacial Radiology. The control group consisted of patients diagnosed with radicular
cysts. Radiomic analysis was performed on the cone-beam computed tomography images of the lesions using a three-dimensional
spherical segmentation centered on the lesion. From a total of 93 radiomic features, the most relevant features for lesion differentiation
were selected using a Lasso regression model. Based on this analysis, four radiomic features were identified as most strongly
associated with the differentiation of the two lesion types. Subsequently, a radiomic score for each patient was calculated as the linear
combination of the coefficients of the selected features.

RESULTS: The calculated radiomic scores predicted radicular cysts with a sensitivity and specificity of 80%. The model correctly
classified 80% of radicular cysts and 80% of odontogenic keratocysts. Additionally, radiomic scores were found to be higher in radicular
cyst patients compared to odontogenic keratocyst patients (OR: 25.251; p = 0.018).

CONCLUSION: Radiomic features enabled the differentiation between radicular cysts and odontogenic keratocysts. However, the
findings of this study should be interpreted as preliminary, considering the sample size and study limitations. Nonetheless, the
proposed approach has the potential to assist in the differential diagnosis between odontogenic keratocysts and radicular cysts, and
to provide clinically valuable insights as a non-invasive virtual biopsy method prior to surgery.
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0z
GIRIS: Bu galismanin amaci, gelisimsel bir odontojenik kist olan odontojenik keratokist ile iltihabi bir odontojenik kist olan radikiiler
kistin ayirt edilmesinde radyomik ézelliklerin potansiyelini arastirmaktir.

YONTEM ve GERECLER: Bu retrospektif olgu-kontrol ¢alismasinda, Adiz, Dis ve Cene Radyolojisi Anabilim Dalina basvuran 10
odontojenik keratokist hastasi incelenmigtir. Kontrol grubunu, radikiler kist tanili hastalar olusturmustur. Lezyonlarin konik isinli
bilgisayarli tomografi goriintiileri lizerinde, lezyonun merkez noktasindan alinan alanlarda (i¢ boyutlu kiiresel segmentasyon teknigi
kullanilarak radyomik analiz gergeklestiriimistir. Radyomik analizden elde edilen 93 6zellik arasindan, lezyon ayriminda en iligkili
Ozellikleri se¢mek amaciyla Lasso regresyon modeli uygulanmigtir. Sonug olarak, bu lezyonlarin ayriminda en iliskili dért radyomik
ozellik belifenmigtir. Ardindan, her hastanin radyomik skoru, secilen ézelliklerin katsayilarinin lineer kombinasyonu alinarak hesaplanmigtir.

BULGULAR: Elde edilen radyomik skorlar, radikiiler kistlerin 6ngériilmesinde %80 duyarllik ve %80 6zglilliik dederlerine sahip
olmustur. Model, radikiiler kistleri %80, odontojenik keratokistleri ise %80 dogrulukla tespit etmistir. Ayrica, radyomik skor radikdiler
kist hastalarinda, odontojenik keratokist hastalarina kiyasla daha yiiksek bulunmustur (OR: 25,251; p = 0,018).

SONUCGC: Radyomik ézellikler, radikdiler kist ile odontojenik keratokistin ayirt edilmesini miimkdin kilmistir. Ancak, bu ¢alismadan elde
edilen bulgularin, 6rneklem blyikligl ve calisma sinirliliklan géz 6niinde bulundurularak én bulgular olarak degerlendiriimesi
gerektigi unutulmamalidir. Bununla birlikte, bu ¢alismada gelistirilen yaklasim, odontojenik keratokist ile radikiiler kistin ayirici
tanisinda yardimci olabilecek ve cerrahi 6ncesinde non-invaziv bir sanal biyopsi yéntemi olarak klinik agidan dénemli katkilar
saglayabilecek bir potansiyele sahiptir.
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INTRODUCTION

The similar radiological appearances of many
pathologies can make it challenging to distinguish
between lesions in the maxilla and mandible during the
evaluation of jaw lesions.! Among jaw lesions, radicular
cysts are the most common, typically associated with
inflammatory conditions. On radiographs, they
commonly appear as radiolucent lesions surrounding the
tooth root, frequently encased by a dense rim of cortical
bone.? Although less common than radicular cysts,
odontogenic keratocysts present greater challenges in
management for both clinicians and patients due to their
high recurrence rate, distinctive histological features,
aggressive clinical behaviour, and potential association
with nevoid basal cell carcinoma syndrome.>*

A definitive diagnosis of these two lesions requires
histopathological examination, even though their
characteristic radiographic and clinical features may
sometimes allow them to be distinguished from one
another at the stage of differential diagnosis.* Surgical
management strategies for odontogenic keratocysts differ
markedly from those for radicular cysts, as odontogenic
keratocysts are more prone to recurrence and display a
more aggressive clinical course.’ However, no non-
invasive method has yet been established that can reliably
distinguish these two lesions with certainty.

Radiomics is an analytical approach that extracts
high-dimensional data at the pixel/voxel level.® This
analytical framework offers the revolutionary potential to
enable differential diagnosis between neoplasms, establish
correlations with molecular biology and genomics,
predict survival, and evaluate treatment response.’
Although widely applied in oncology and many other
medical fields, the literature remains limited in dentistry.!
Therefore, there is still a need for further studies and new
methodological approaches in the literature regarding its
use for differentiating jaw lesions.

The primary objective of this investigation was to
assess the capability of radiomics in distinguishing between
odontogenic keratocyst, characterized by aggressive
clinical behaviour and a heightened recurrence rate, and
radicular cyst, an inflammatory odontogenic cyst.
Additionally, this study employed an experimental
spherical segmentation technique, strategically designed
to unveil the inherent characteristics of the lesions under
scrutiny. The null and alternative hypotheses of this study
are as follows:

Ho: Radiomic features extracted from lesions using
spherical segmentation do not enable differentiation
between odontogenic keratocysts and radicular cysts.

Hi: Radiomic features extracted from lesions using
spherical segmentation enable differentiation between
odontogenic keratocysts and radicular cysts.

MATERIAL AND METHODS

The non-interventional Clinical Research Ethical
Committee of Kocaeli University approved the study
protocol (decision no. KU GOKAEK-2024/09.21). The
study was conducted in accordance with the principles of
the Declaration of Helsinki.

Study Population
This retrospective group comparative research
evaluated histopathologically  verified cases of

odontogenic keratocysts and radicular cysts which were
retrieved from archives of the Department of Oral and
Maxillofacial Radiology at Kocaeli University Faculty of
Dentistry. Cone-beam computed tomography (CBCT)
data of OKC and RC cases were retrospectively analysed.
Cases possessing lesions with intact osseous boundaries
and with no evidence of any perforation were included in
the study. Exclusion criteria were applied rigorously to
filter out artifacts that could hinder radiomic analysis,
and to cases with images which that did not meet ideal
standards.

Acquisition of CBCT Volumes

The scans were acquired using a Planmeca Promax
3D Max CBCT device (Planmeca Oy, Helsinki, Finland)
with a field of view (FOV) of 13 x 9 cm and 0.2 mm
voxel size at 96 kVp, 5.6 mA, and 12 s exposure time.

Segmentation Process and Radiomic Analysis

The obtained DICOM files of the study group were
transferred to the 3D Slicer software program for the
radiomic analysis.? All segmentations were performed by
a blinded researcher who was unaware of the
histopathological diagnoses of the lesions. For each case,
an experimental spherical segmentation was formed and
placed in the epicentre of the lesion after orienting the
data in axial, coronal and sagittal planes (Figure 1). The
rationale for selecting the spherical segmentation
technique lies in the biological growth pattern of cystic
lesions: as cysts expand, they tend to draw fluid from
surrounding tissues and exert equal pressure on their
walls, resulting in a generally symmetrical growth from
the center.>!° Based on this fundamental characteristic, it
was hypothesized that the central region of the lesion
may contain specific radiomic features capable of
distinguishing between different cyst types. Therefore,
this experimental approach was adopted in the present
study.
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Figure 1. Three-dimensional spherical segmentation was performed in planes using the 3D Slicer program.

In 3D Slicer software, a total of 93 radiomic features
were extracted using the SlicerRadiomics plugin for the
segmented area of the lesions. One month after the initial
segmentations, the same researcher who performed the
original annotations re-segmented the entire dataset to
assess the reproducibility of the segmentations.
Radiomics analysis was then performed again on these
new segmentations, and the resulting values were
compared with the radiomics values obtained from the
initial segmentations using the Intraclass Correlation
Coefficient (ICC). This comparison yielded an ICC value
0f 0.99.

Statistical Analysis

Data were analysed using IBM SPSS and R Project
software. For Lasso logistic regression, the “glmnet”
package in R Project was used. To select the features
most associated with lesions from 93 radiomic features,
the optimal tuning parameter was determined using 100
repetitions and 5-fold cross-validation with the minimum
criterion for the best model fit. Features with non-zero
coefficients at this parameter were selected. A linear
combination of the selected radiomic feature coefficients
was calculated to obtain a radiomic score for each patient.
ROC analysis was performed to determine the cutoff
values for the radiomic score. The effect of the radiomic
score on lesions was evaluated using a multinomial

regression model. Results are presented as mean +
standard deviation. A significance level of 0.05 was used.

RESULTS

The CBCT data of a total of 10 OKC and 10 RC cases
were analysed. The optimal tuning parameter was
established at A = 0.1489713, indicative of the regression
model's optimal alignment with the dataset for the
purpose of feature selection among 93 available radiomic
features. Under this specified parameter, four non-zero
radiomics  features were selected and are
comprehensively presented in Table 1. The radiomics
score was calculated for each patient by obtaining a linear
combination of the coefficients of the selected radiomics
features (Figure 2).

Table 1. Radiomics features selected by Lasso Regression

Coefficients

Constant -0.2109634
LargeDependenceHighGrayLevelEmphasis  -0.00009815968

SizeZoneNonUniformity 0.002049544
SizeZoneNonUniformityNormalized 0.2070987
ZonePercentage 13.66912
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Figure 2. Distribution of radiomics scores of datasets based on lesion groups. Blue bars represent the radiomic scores associated
with odontogenic keratocyst cases, whereas red bars correspond to radicular cyst cases. Overall, radicular cysts exhibit generally
higher radiomic scores compared to odontogenic keratocysts, indicating a discernible distinction between the two lesion types

based on the evaluated radiomic features.

Radiomics Score =-0.211 - (0.0001) x LargeDependenceHighGrayLevelEmphasis + (0.002) x SizeZoneNonUniformity + (0.207)  SizeZoneNonUniformityNormalized + (13.669) x ZonePercentage
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Figure 3. Receiver Operating Characteristic (ROC) curve of the
radiomic score used to differentiate odontogenic keratocysts
from radicular cysts (AUC = 0.890).

The radiomics score obtained had a cut-off point of >
-0.07. The AUC (95% CI) value was 0.890 (0.500 -
1.000), with a sensitivity and specificity of 80% each in
predicting radicular cyst lesions (Figure 3). The
radiomics score correctly detected 80% of radicular cyst
lesions and 80% of odontogenic keratocyst lesions
(Table 2).

Logistic regression analysis revealed a significant
effect of the radiomics score in predicting the lesion. The
average radiomic score for patients with keratocyst
lesions was -0.4, whereas it was 0.42 for those with
radicular cyst lesions (Table 3).

It was observed that radicular cysts had a higher
radiomics score than odontogenic keratocysts (OR:
25.251; p=0.018). As shown in Figure 4, the red line
represents the cutoff value of the radiomic score. Lesions
with radiomic scores above this cutoff were more likely
to be radicular cysts, whereas those below the cutoff were
mostly odontogenic keratocysts. The model achieved a
correct classification rate of 75%. The Nagelkerke R2,
which is one of the measures of goodness of fit, indicated
that the model could explain 53.5% of the lesion.
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Table 2. ROC curve analysis showing the discriminative performance of radiomic scores between odontogenic keratocyst and

radicular cyst cases.

AUC (95% CI) Cut-off value Sensitivity ~ Specificity p
Radiomics Score 0.890 (0.500 - 1.000) -0.07 80% 80% 0.003
AUC: Area Under the Curve, CI: Confidence interval
Table 3. Results of logistic regression analysis
Radiomics Score
Lesion
Odontogenic keratocysts -04+04
Radicular cysts 0.42+0.6
OR 25.251
95% CI1 1.752 - 364.007
P 0.018
Mean = SD, OR: Odds ratio, CI: Confidence Interval, Accuracy = 0.750
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Figure 4. Scatter plot graph of the radiomics score in differentiating lesions. Radiomic scores above the established cutoff value
of —0.07 indicate a higher likelihood that the lesion is a radicular cyst, whereas scores below this threshold suggest a greater

probability of an odontogenic keratocyst.

DISCUSSION

This study investigated two of the most common jaw
lesions, radicular cysts and odontogenic keratocysts,
which cannot be reliably distinguished without
histopathological confirmation. The results showed that
radiomic features extracted from segmented regions
within the lesions on CBCT images can differentiate
between these two types with high sensitivity and
specificity values of approximately 80%. An
experimental data extraction method was applied, in

which radiomic features were obtained from regions
marked using spherical segmentation centered on the
lesion’s midpoint. This approach was designed as a
virtual incisional biopsy, based on the knowledge that
cysts expand from their center. It differs from the
conventional approach frequently described in the
literature, where the entire lesion volume is segmented to
extract radiomic data. The study has two main outcomes.
The primary outcome of this study is that radiomic
features demonstrated a strong potential in differentiating
radicular cysts from odontogenic keratocysts on CBCT
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images. The secondary outcome is that the experimental
spherical segmentation method employed for lesion
differentiation showed potential as an effective analytical
tool.

In this study, among the 93 extracted radiomic
features, only four were found to be significantly
associated with the differentiation between odontogenic
keratocysts and radicular cysts, and these were
subsequently used in the formulation of the radiomic
score. The first of these, Large Dependence High Gray
Level Emphasis, belongs to the GLDM (Gray Level
Dependence Matrix) family, while the other three are
derived from the GLSZM (Gray Level Size Zone Matrix)
family. GLDM represents the gray-level dependence
matrix, in which a gray-level dependence is defined as
the number of neighboring voxels within a given distance
that depend on the central voxel. The Large Dependence
High Gray Level Emphasis feature quantifies the joint
occurrence of large homogeneous regions with higher
gray-level values. A higher value indicates that the image
contains broader areas with similar high-intensity gray
levels.!! In this study, this feature showed higher mean
values in odontogenic keratocysts (mean: 6260.32, min:
2803.97, max: 10372.09) compared to radicular cysts
(mean: 4503.36, min: 3633.05, max: 5157.91). This
finding suggests a distinct difference between the internal
contents of the two lesions, reflecting more uniform high-
intensity ~ regions in  odontogenic  keratocysts.
Furthermore, this radiomic feature has been previously
reported to be associated with lesion heterogeneity in
studies on liver fibrosis.'?> Although the biological nature
of the two conditions differs substantially, the current
results also point to a possible difference in lesion
homogeneity between these cyst types.

In addition, three GLSZM-derived radiomic features
were also found to be important in differentiating the
lesions. The GLSZM quantifies zones of connected
voxels that share the same gray-level intensity within an
image. A higher number of such zones results in higher
corresponding GLSZM values, while larger and more
homogeneous zones lead to lower values.!! Among these
features, Size Zone NonUniformity and its normalized
form, Size Zone NonUniformity Normalized, describe the
variability in the size of homogeneous gray-level zones
within the image. Higher values of these features are
generally associated with greater tissue heterogeneity. '
In our study, odontogenic keratocysts demonstrated
lower Size Zone NonUniformity values (mean: 56.23,
min: 15.32, max: 180.14) compared with radicular cysts
(mean: 233.39, min: 16.29, max: 561.31). A similar trend
was observed for Size Zone NonUniformity Normalized,
where odontogenic keratocysts exhibited lower mean
values (mean: 0.15, min: 0.10, max: 0.24) than radicular
cysts (mean: 0.21, min: 0.12, max: 0.26).

The fourth feature, Zone Percentage, represents the
ratio of the total number of zones to the total number of

voxels within the region of interest. Higher values
indicate a greater number of smaller, more fragmented
zones, corresponding to finer texture patterns, whereas
lower values reflect larger, coarser structural patterns.'4
In this study, odontogenic keratocysts exhibited lower
Zone Percentage values (mean: 0.02, min: 0.01, max:
0.04) than radicular cysts (mean: 0.04, min: 0.01, max:
0.07), suggesting that the tissue structure of odontogenic
keratocysts may be less fragmented and more uniform.
Although direct comparison with previous studies is
limited due to the scarcity of similar research and the
absence of histopathological correlation analysis in this
study, these findings provide valuable insight into the
subtle, non-visible grayscale characteristics of these
lesions. The results also highlight the potential of
radiomic analysis as a foundation for future studies aimed
at exploring the microstructural and diagnostic properties
of odontogenic cystic lesions.

Although studies using radiomics with CBCT are less
common in the literature compared to imaging modalities
frequently used in medical radiology, such as MRI and
CT, there are a few investigations focusing on lesion
differentiation. In one study, Yilmaz et al.'> aimed to
distinguish radicular cysts from odontogenic keratocysts
in a total of 50 CBCT images. Order statistics (median,
standard deviation, skewness, kurtosis, entropy) and 3D
Haralick features were calculated from pixel intensities
in each CBCT dataset and used for binary classification
experiments. After segmenting the entire lesion in three
dimensions, the researchers developed several machine
learning models using these features. In their study, they
reported that the Support Vector Machine (SVM)
classifier, combined with a ten-fold cross-validation
method and an advanced feature selection algorithm,
achieved the best classification performance with 100%
accuracy and a 100% F1-score. In the present study, the
entire lesion was not segmented; instead, radiomic
features were extracted from a small, defined region
within the lesion. Therefore, the regression model
developed in this study may have achieved lower
performance compared to the 100% accuracy reported by
Yilmaz et al.'® Additionally, our study included a total
of 20 patients, with 10 in each group, whereas Yilmaz et
al.’® used 50 CBCT scans. The smaller sample size in our
study may have limited the model’s predictive
performance. Furthermore, while Yilmaz et al.!®
employed a machine learning approach, regression-based
analysis was used in the present study, which may also
account for the relatively lower performance observed.
Nevertheless, despite these methodological limitations,
the success of the experimental segmentation approach
proposed in this study should not be overlooked. This
methodological innovation may provide a valuable
direction for future research, as lesion segmentation in
radiomics remains a complex and often non-reproducible
process. Determining the precise boundaries of lesions
can be particularly challenging, potentially influencing
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the extracted radiomic values. Therefore, although the
performance achieved in our study did not match that of
Yilmazetal., ' the results demonstrate that the proposed
innovative methodology is both functional and
promising.

In another study, Jiang et al.'® investigated whether
radiomic features could be useful for the preoperative
differentiation of odontogenic keratocysts from simple
bone cysts. Similar to the study by Yilmaz et al.,'’* the
researchers segmented the entire lesion and extracted a
total of 10,323 radiomic features per case. In their
analysis, they employed a sequence forward selection
method to statistically identify the most significant
radiomic features for differentiating between the two
lesion types. However, unlike both our study and that of
Yilmaz et al.,'> they subsequently applied a correlation-
based method to select the radiomic features that most
effectively distinguished between the two lesions. Due to
this methodological difference, the statistical results of
their study are not directly comparable to ours.
Nevertheless, their analysis revealed that the 25 selected
features demonstrated statistically significant
correlations, with correlation coefficients ranging from
—0.487 to 0.775.

In a different study, Song et al.!” aimed to
differentiate between ameloblastoma and odontogenic
keratocyst, which are radiologically very difficult to
distinguish. They used radiomic features extracted from
CBCT images of these lesions. Their study included 152
cases of ameloblastoma and 174 cases of odontogenic
keratocyst. Similar to other studies in the literature, the
entire lesion was segmented in this study, and 2,084
radiomic parameters were extracted for each lesion. The
researchers employed a data reduction approach
comparable to that used in the present study, applying
Lasso regression to select the 348 most significant
parameters for distinguishing between the two lesion
types. However, unlike our study, these selected features
were subsequently used to develop several machine
learning models, among which the XGBoost model
demonstrated the best performance, achieving an AUC
value of 0.872 in differentiating the two lesions. In
contrast, the present study focused on distinguishing
odontogenic keratocysts from radicular cysts rather than
ameloblastomas, as examined by Song et al. Despite
using a smaller dataset, our regression model achieved an
AUC of 0.890. The fact that comparable results were
obtained using radiomic features extracted solely from
the lesion’s center underscores the methodological value
of our approach. Furthermore, the researchers compared
the diagnostic performance of their model with that of
radiologists and found that their model outperformed
human experts in differentiating the lesions. In our study,
such a comparison was not conducted. Nonetheless,
incorporating this methodological approach in future
research could provide a more scientifically robust
comparison by evaluating the diagnostic power of
radiomic data alongside clinicians’ diagnostic capabilities.

In another study on jaw lesions, Yomtako et al.!®
evaluated the performance of texture analysis rather than
comprehensive radiomic features in distinguishing
radicular cysts from periapical granulomas. Unlike other
studies, they used CT instead of CBCT images. A total of
131 lesions (28 radicular cysts and 103 periapical
granulomas) were fully segmented, yielding 43 texture
features. Using these features, the researchers developed
SVM and decision tree models, which achieved AUC
values of 0.829 and 0.803 in the training dataset and
0.727 and 0.701 in the validation dataset, respectively. In
comparison, a model developed using conventional
radiological features achieved lower AUC values in the
training dataset (0.579 for the decision tree and 0.566 for
the SVM), underscoring the superiority of radiomic
analysis. Similarly, although the present study did not
directly compare the diagnostic performance of radiomic
and conventional radiological features, the results
indicated that even radiomic features extracted solely
from the central region of the lesion may provide
sufficient discriminatory power for lesion differentiation.

Sha et al.,'® in another CBCT-based study, sought to
differentiate conventional ameloblastoma from unicystic
ameloblastoma using radiomic features. In 100 cases of
ameloblastoma, complete segmentation of the lesions
yielded 1,781 radiomic features. A two-step feature
selection process was applied: first, features with the
highest scores were identified using ANOVA; second,
optimal features with the highest average accuracy were
selected using SVM. Five different machine learning
models were developed, and among them, the logistic
regression model performed best, achieving an AUC of
0.936 in the training cohort and 0.929 in the validation
cohort. One of the most recent studies on the use of
radiomic features in differentiating jaw lesions was
conducted by I¢oz et al.,° who analysed CBCT images
of 161 odontogenic lesions (55 radicular cysts, 53
dentigerous cysts, and 53 odontogenic keratocysts). The
entire lesions were segmented, and radiomic features
were analysed using ANOVA without developing
regression or machine learning models. The authors
found significant differences in shape-based, first-order,
and textural features.

The primary distinction of our study from those in the
literature is that, instead of segmenting the entire lesion,
we used a spherical region taken only from the center of
the cyst. Our findings indicate that, although these lesions
appear radiolucent on CBCT images, they may contain
differences at the voxel level that are imperceptible to the
human eye. These differences likely stem from variations
in lesion content and histopathological characteristics
and can be detected through radiomic analysis. The
findings obtained in this study support the potential use
of radiomic data as a virtual biopsy. In the future,
integrating the advantages offered by omics technologies
along with more detailed clinical and individual patient
data could enable the use of algorithms generated by
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machine learning models to provide clinicians with
enhanced insights into the characteristic features of
lesions prior to performing a biopsy. This approach may
allow clinicians to approach lesions with greater
precision and informed decision-making during
procedures, ultimately facilitating more accurate and
effective patient treatment.

In addition to these considerations, the segmentation
method developed in our study has the potential to
provide significant benefits in addressing the current
limitations of radiomics analysis. In radiomics studies,
one of the first steps in the analysis workflow is to
determine the Region of Interest (ROI) from which
radiomic features will be extracted. Depending on the
study design, this involves either manual or automated
segmentation of the entire lesion or the relevant
anatomical region of interest. Manual segmentation is
typically performed by experienced specialists in the
field. However, as segmentation is one of the upstream
steps in the radiomics workflow, uncertainties at this
stage are particularly critical and inevitably influence all
downstream  processes.?!  Previous studies have
demonstrated that interobserver variability affects the
stability and reproducibility of radiomic features.??726
Among the studies employing radiomics analysis for
lesion differentiation, only Icdz et al.,?® calculated the
ICC to evaluate interobserver agreement. In their study,
the authors included only those radiomic features with
ICC values above 0.850, obtained from repeated lesion
segmentations. However, since this value is not perfect,
it still carries the potential to influence radiomic
measurements, primarily due to the difficulty of marking
the entire lesion accurately in different times. In our
study, the near-perfect ICC value we achieved was
obtained as a result of the segmentation technique we
implemented. Moreover, while aggressive jaw lesions
such as odontogenic keratocysts and ameloblastomas
frequently cause bone perforations, radicular cysts can
also cause perforations, albeit rarely.?”? Although
CBCT devices provide high-resolution bone imaging,
they offer limited visualization in soft tissue windows.>°
Consequently, when bone perforation is present,
delineating the lesion boundaries becomes more
challenging, which can naturally reduce segmentation
reproducibility. In this study, only lesions without any
perforation were included. This was primarily to ensure
that all odontogenic keratocyst and radicular cyst lesions
had well-defined boundaries without perforation, thereby
preventing potential alteration of their characteristic
features due to bone perforation. Nevertheless, with the

segmentation method proposed in our study, it can be
suggested that even in lesions with bone perforation the
radiomic features extracted from a central spherical ROI
could still offer potential for differentiation between
lesions. However, it should be noted that the high ICC
value obtained in our study may be partly due to the
relatively small sample size of only 20 CBCT images and
the fact that all segmentations were performed by a single
researcher.

One of the most significant limitations of our study is
the relatively small dataset. Our dataset consisted of only
10 radicular cyst and 10 odontogenic keratocyst cases,
which may limit the generalizability of our findings.
Furthermore, our study focused on differentiating
between two lesion types that are often distinguishable
by their radiological features, which may be considered
another potential limitation. As another limitation, the
radiomic score calculation formula derived from the
regression model developed in this study was not tested
on an external dataset. Nonetheless, the results obtained
are highly promising. Therefore, we believe that future
radiomics studies designed with larger and multicenter
datasets, and aimed at differentiating a broader spectrum
of jaw lesions, could contribute to the development of
clinically applicable diagnostic algorithms. Moreover,
incorporating automated segmentation algorithms into
such study designs may further facilitate the development
of fully automated, clinician-assisting diagnostic tools
and help reduce workload.

CONCLUSION

In this preliminary study, the differentiation between
radicular cysts and odontogenic keratocysts was explored
using radiomic features derived from CBCT images, with
four specific radiomic parameters identified through
spherical segmentation. These findings suggest that
radiomics may have potential utility in providing
additional insights into lesions with similar radiologic
appearances prior to surgical intervention. However, the
results should be interpreted with caution due to the
limited sample size and the experimental nature of the
segmentation approach. Further studies with larger
cohorts and standardized methodologies are warranted to
validate these preliminary observations and to clarify the
clinical applicability of radiomic analysis in
distinguishing between radicular cysts and odontogenic
keratocysts.
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