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Objective: To investigate significant differences in selected radiomic parameters when classifying periapical lesions
based on volumetric size, cortical expansion, erosion, and shape using Cone Beam Computed Tomography (CBCT).

Methods: A retrospective analytical and comparative study was conducted on 100 small field of view (FOV) 50x50
mm CBCT scans collected between the years 2018 and 2023. The study involved qualitative classification of pe-
riapical lesions, followed by segmentation and extraction of radiomic parameters. The extracted parameters in-
cluded first-order features such as energy, entropy, total energy, and uniformity; texture features like grey-level
co-occurrence matrix contrast (GLCMC) and neighbouring grey tone difference matrix contrast (NGTDMC); and
shape features including elongation, flatness, sphericity, and mesh volume, utilising 3D Slicer and Pyradiomics. The
normal distribution of the variables was determined using the Shapiro-Wilk test. Various tests were used to assess
significant differences, including Student'’s t-test, Mann-Whitney U test, ANOVA, and Tukey’s post hoc analysis.

Results: Significant differences were observed in the following parameters among the classification levels when
classifying periapical lesions according to their volumetric size. There were significant differences in energy with
a p-value of 0.001 and total energy with a p-value of 0.02. NGTDMC also showed a significant difference with a
p-value of 0.001. A larger volumetric size is associated with greater energy and lower contrast. Significant differ-
ences in periapical lesions with erosion were found in shape sphericity (mean 0.34,SD 0.10, p=0.01), energy (mean
3.73x10%, SD 4.52x10%, p=0.002), and NGTDMC (mean 0.05, SD 0.02, p=0.001) compared to lesions without ero-
sion. GLCMC was lower in erosive lesions (mean 18.94, SD 6.81, p=0.03) than in non-erosive ones (mean 22.28, SD
8.48). Regular-shaped periapical lesions demonstrated significantly greater elongation (mean 0.794, SD 0.115,
p=0.006) and flatness (mean 0.614, SD 0.107, p=0.005) than irregular-shaped lesions. These findings suggest that
regular-shaped periapical lesions are more elongated and flatter than irregular ones. No significant differences
were found in radiomic features depending on the presence or absence of expansion in the periapical lesion.

Conclusion: There are significant differences in texture and first-order radiomic features in periapical lesions
classified based on size, erosion, and shape. This research's relevance lies in its potential to improve the quan-
titative characterisation of periapical lesions, leading to an objective interpretation.
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« Radiomics is an advanced imaging technique that extracts quantitative features from med-
ical images, providing objective and reproducible information about lesion characteristics.

« Radiomic parameters such as energy, NGTDMC, contrast, elongation, and flatness showed
significant differences based on lesion size, shape, and erosion, providing insights into the
characterisation of periapical lesions.

« Further studies with standardized protocols are essential to validate these findings and
expand its clinical applications.
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INTRODUCTION

Radiology has been indispensable for detecting and char-
acterising periapical lesions in endodontic practice. Howev-
er, the subjective interpretation of radiographic images can
limit the accuracy of diagnosis (1). In recent years, radiomics
has emerged as a promising technique for quantitatively
evaluating radiographic features and their relationship with
pathologies. Radiomics involves the computational analysis
of medical images using many features, including texture,
shape, and intensity, to obtain objective and quantitative
information about image features (2) (Fig. 1). This technique
has proven useful in characterising tumours, lung diseases,
and other pathologies and has been of growing interest in
endodontics (3, 4).

The rise of radiomics has resulted in large amounts of radio-
graphic data forming a solid link with Big Data (5). Progress in
artificial intelligence (Al) algorithms and techniques has em-
powered the management and analysis of these extensive
data sets, allowing for a more comprehensive and practical
examination of radiomic features and their correlation with
different diseases (6). This integration with Al and Big Data
has propelled progress in personalised dentistry, allowing
treatments to be tailored according to each patient’s spe-
cific needs based on their radiographic information (7). Ra-
diomics has emerged as a valuable resource in personalised
medicine. This approach adjusts treatments and preventive
strategies to the unique characteristics of each patient, in-
cluding their genetic profile, health status, and family history
(8). Applying radiomics in personalised dentistry could en-
able precise identification and characterisation of dental and
periapical lesions, facilitating clinical decision-making with
objective and quantitative information. This information is
essential for predicting treatment response, establishing pa-
tient prognosis, improving care quality, and reducing long-
term costs. Additionally, radiomics can assist in identifying
specific patient subgroups that may benefit from more per-
sonalised treatment approaches, leading to better manage-
ment of oral diseases and increased patient satisfaction (9).

Periapical lesions are prevalent among patients undergoing
endodontic treatment, underscoring the importance of accu-
rately characterising them for precise diagnosis and effective
treatment planning (10). Traditional radiographic features,
while valuable, may need more information to discern the
nature of these lesions, highlighting the need for alternative
approaches such as radiomics (4). Although the use of radiom-
ics in endodontics has been relatively limited, recent research
studies have yielded promising results (11). For instance, a
study demonstrated a strong association between the pres-
ence of a heterogeneous texture and a periapical cyst, sug-
gesting the potential of radiomics to offer more comprehen-
sive insights into lesion characteristics (12).

Despite its potential benefits, radiomics in endodontics also
poses several challenges. One of the main challenges is the
need for standardised protocols. There is currently a need for
universally accepted protocols for radiomic analysis, which
can generate inconsistencies in results and limit the compa-
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rability of studies (9). Another challenge is the need for exten-
sive data sets to train and validate radiomic models. Obtaining
large datasets of periapical lesions can be challenging due to
the low prevalence of these lesions (13). Since radiomics is a
promising technique for characterising periapical lesions in
endodontics, it has the potential to provide more accurate and
objective information about lesion features, improving the
accuracy of diagnosis and treatment planning (14). The pres-
ent study aims to determine whether a significant difference
exists between selected radiomic parameters when dividing
periapical lesions according to their volumetric size, cortical
expansion, cortical erosion, and shape.

MATERIALS AND METHODS

This was a retrospective analytical comparative study of 100
small field of view (FOV) 50x50 mm CBCT scans. It was con-
ducted using the database of a private dental imaging cen-
tre, and patient authorisation was obtained for the develop-
ment of the study. All ethical guidelines were followed, and
informed consent was obtained from the involved patients.
Before utilising the patients’ data, confidentiality and privacy
of the information were ensured.

Selection Criteria for Computed Tomography

The sampling method used was convenience sampling based
on the CBCTs that met the inclusion and exclusion criteria
within the established period. The inclusion criteria were im-
ages from small FOV CBCT scans of patients with apical le-
sions between the years 2018-2023, CBCTs of both healthy
males and females, patients over 18 years old with no upper
age limit, and the periapical lesion should involve only one
root of the tooth, whether it is an anterior or posterior tooth.
The exclusion criteria were images of patients with diseases
that alter bone metabolism (e.g. diabetes, osteopenia, and
osteoporosis) and pregnant patients. Images in which the le-
sion and the surrounding healthy bone tissue could not be
fully observed, images with the presence of metal or motion
artefacts, lesions involving more than one root or different
teeth, and lesions in the presence of root canal treatments
carried out in less than one year and without symptoms. Pa-
tients under treatment with bisphosphonates were exclud-
ed. Images in which the lesions could not be satisfactorily
segmented due to a lack of distinction in their edges (Fig. 2).

Computed Tomography Acquisition Protocol

A Planmeca Promax Classic cone-beam computed tomogra-
phy scanner was used for all patients, employing a uniform
imaging protocol that included a tube voltage of 90 kV, a mil-
liamperage of 10 mA, and a small field of view of 50x50 mm
with a resolution of 0.75 microns. A 50-inch LED (Light Emit-
ting Diode) monitor was utilised for image analysis.

Analysis of Qualitative Parameters of Computed Tomography
Two experts analysed the CBCT scans, each specialising in
oral and maxillofacial radiology and endodontics. A qualita-
tive classification examined aspects such as shape, cortical-
isation, cortical expansion, cortical erosion, and volumetric
size of the lesions. The analysis included assessing the lesion's
shape and determining if it had a regular or irregular appear-
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Figure 1. Flow diagram for the extraction of radiomic features

Figure 2. Non-segmentable periapical lesion of the lower left second premolar due to indistinct border delineation. This image depicts a CBCT scan

excluded from the radiomic analysis due to an indistinct periapical lesion that merged with the adjacent mesial root lesion of the lower left first molar,

thus impeding precise segmentation

CBCT: Cone Beam Computed Tomography

ance; regular lesions were those with defined borders, sym-
metrical and easily identifiable, while irregular ones lacked
delimited borders. The cortical expansion was classified as
present or absent, determined by observing an increase in
dimensions of the vestibular or lingual cortices; erosion was
evaluated according to whether the apical lesion caused a
discontinuity in any of the cortical bones. Finally, corticali-
sation refers to the characteristics of the edges of the lesion,
specifically whether they present a radiopaque halo.

Volumetric Analysis of Computed Tomography

Volumetric analysis of the lesions was conducted using con-
ventional CBCT software (Romexis Viewer, Planmeca Oy,
Helsinki, Finland). Initially, the scans were imported into the
software, and the volumetric analysis tool was selected. Sub-
sequent steps involved delineating regions of interest (ROI)
around each lesion by manually tracing their contours in the
tomographic images. The software then automatically calcu-
lated the volume of the lesions based on these delineated



EUR Endod J 2024; 9: 394-404

Lozano Gonzélez et al. Radiomic Parameters in Periapical Lesions

Figure 3. Semi-automatic segmentation process using grow from seeds tool in 3D Slicer. Marks are placed on segment 1 (apical lesion-green) in

different planes and subsequently on segment 2 (yellow), which will be done on the surrounding bone tissue

ROIs. The volume values obtained for each lesion were metic-
ulously recorded in the study’s database. Upon completing
the analysis, the classification system proposed by Boubaris in
2021 was employed to categorise the volume of the periapical
lesions into six categories ranging from smallest (category 0)
to largest volume (category 6) using a novel cone-beam com-
puted tomographic volume-based periapical index (15):

0. 0

1. 0.01 mm*-0.20 mm?
0.21 mm’-0.70 mm?
0.71 mm’ - 8.00 mm?
8.01 mm’ - 70.00 mm?
70.01 mm? - 100.00 mm?
>100.01 mm

Analysis of Segmentation and Extraction of Radiomic Pa-
rameters from the CBCT Scans

The voxel resampling method, commonly called resample
voxel, was utilised within the open-source software Pyradio-
mics for standardising image quality across CBCT scans be-
fore conducting the radiomic analysis. This preliminary step
involved loading the images into Pyradiomics. The voxel res-
ampling technique was then applied, adjusting all voxels to
a predefined uniform size and spacing. This standardisation
ensures image quality consistency, facilitating more accurate
and reliable radiomic analysis (16).

o vk wN

For segmentation and radiomic analysis, 3D Slicer software
(developed at the National Biomedical Engineering Labora-
tory, Boston, Massachusetts, USA) was employed, integrated
with the Pyradiomics module (Harvard, Cambridge, Massa-
chusetts, USA) to harness the strengths of both tools in pro-
cessing medical imaging data. The segmentation was facilitat-
ed by a semi-automatic method called grow from seeds. This

approach involves initially placing seeds within the anatomi-
cal structure targeted for segmentation. Utilising these seeds,
the grow from seeds tool within 3D Slicer applies advanced
mathematical algorithms to extrapolate and complete the
segmentation process, leveraging artificial intelligence and
image processing technologies to accurately differentiate and
delineate complex structures in medical images (Fig. 3).

3D Slicer’s grow from seeds tool is an advanced semi-automat-
ic segmentation technique that uses artificial intelligence and
image processing algorithms to differentiate and segment
complex structures in medical images. The segmentation pro-
cess was performed by an experienced oral and maxillofacial
radiologist as follows:

1. Seed Initialisation: The process begins with manually plac-
ing seeds in the 3D image. Based on their knowledge and
analysis of the image, these seeds are small volumes of pix-
els that the operator assigns to different structures or tis-
sues. For example, in this study, seeds were placed within
periapical lesions and in areas of normal bone tissue.

2. Intensity and Texture Analysis: The tool then analyses these
seeds intensity and texture characteristics. It uses this infor-
mation to discern how periapical lesions differ from bone
trabeculae and other tissues. This is based on the premise
that different tissues exhibit distinct signatures regarding
pixel intensity and texture patterns in medical images.

3. Characteristic-Based Growth: With this information, the
tool begins the ‘growing’ process of the seeds. This is not
a simple proximity-based space-filling but rather a fea-
ture-driven process. The algorithm expands the seeds
into areas with similar characteristics in terms of intensity
and texture. This ensures the segmentation accurately fol-
lows the lesions’ boundaries, avoiding including unrelated
structures such as bone trabeculae.
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Figure 4. Pre- and post-segmentation imaging of periapical lesions utilising 3D Slicer software is demonstrated. The upper multiplanar recon-

struction images reveal a CBCT scan with periapical lesions before segmentation. The lower multiplanar reconstruction images exhibit the lesions

post-segmentation process (outlined in green). The image on the right shows a 3D reconstruction, accentuating the lesion's detailed topography

CBCT: Cone Beam Computed Tomography

4,

Manual Iteration and Adjustment: User interaction is
permitted for adjustments during this process. This is
crucial in areas where automatic segmentation can be
challenging, such as at boundaries where lesions merge
with bone spaces. Users can refine the segmentation by
adding, moving, or deleting seeds to ensure accurate le-
sion representation.

Completion and Verification: Once the user is satisfied with
the segmentation, the process is completed. Previous studies
have used and validated this methodology (17, 18) (Fig. 4).

Once the lesion was segmented, radiomic analysis was per-
formed using the Pyradiomics module. This process involved
selecting the region of interest previously segmented, extract-
ing radiomic features from ROI, and choosing, in this case, fea-
tures related to shape, first-order features, and texture, which
were selected based on previous articles.

Radiomic shape parameters evaluated were:

Elongation: It is a measure that describes the relationship
between the two most significant main components in the

shape of an ROI, and for calculation purposes, it is defined
as the inverse of the actual elongation.

Flatness: It describes the relationship between the largest
main component and the smallest in the shape of an ROI,
and for calculation purposes, it is defined as the inverse of
the actual flatness.

Sphericity: It is a dimensionless measure that evaluates the
roundness of the shape of the tumour region in relation to
a sphere. A value of 1 represents a perfect sphere with the
smallest surface area compared to other solids.

Mesh volume: It is calculated using the triangular mesh.
For each face on the mesh, the volume of the tetrahedron
formed by the face and the image’s origin is determined.

Radiomic texture parameters analysed were:

Gray-Level Co-Occurrence Matrix Contrast (GLCMC): It
measures the intensity variation in an image, and a high-
er value indicates a more significant difference in intensity
values between neighbouring voxels.
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TABLE 1. Classification of periapical lesions according to their
volumetric size

Classification Range (mm3) n
Class 1 0.01 mm?3< x <0.20 mm? 2
Class 2 0.21 mm?3< x <0.70 mm? 9
Class 3 0.71 mm?3< x <8.00 mm? 31
Class 4 8.01 mm?3< x <70.00 mm? 49
Class 5 70.01 mm3< x <100.00 mm? 9

Neighbouring Gray Tone Difference Matrix Contrast
(NGTDMOQ): It evaluates the spatial intensity variation in an
image, which depends on the dynamic range of grey levels
and the speed at which intensity values change between
voxels and their surrounding areas.

The first-order radiomic parameters analysed were:

Energy: Energy measures the magnitude of the values
(grayscale) of the voxels in an image, and larger values indi-
cate a more significant sum of the squares of these values.

Entropy: Entropy refers to the uncertainty or random-
ness in the values of an image and calculates the average
amount of information required to encode these values.

Lozano Gonzélez et al. Radiomic Parameters in Periapical Lesions

Total Energy: This measure represents the energy-adjust-
ed according to the voxel volume, considering the size in
cubic millimetres.

Uniformity: It evaluates the homogeneity of the image ma-
trix based on the sum of the squares of each intensity val-
ue. Greater uniformity in the image indicates greater ho-
mogeneity and a smaller range of discrete intensity values.

Subsequently, the CBCTs were divided into groups according
to the previously evaluated qualitative characteristics of the
periapical lesions, which were (Table 1-4):

Presence or absence of erosion
Shape of the periapical lesion
Presence or absence of cortical expansion

Volumetric size category

After selecting the images based on the previously mentioned
qualitative criteria, control groups were meticulously formed
according to the characteristics of the analysed periapical le-
sions. For example, from the initial selection of 100 images,
33 were identified to have periapical lesions with an irregular

TABLE 2. ANOVA to compare the volumetric size of the periapical lesion with the radiomic characteristics

Radiomic shape parameters

Shape_Elongation Shape_Flatness

Shape_MeshVolume Shape_Sphericity

Class n Mean SD P Mean SD P Mean SD P Mean SD P
1 2 0.89 0.13 0.26 0.65 0.08 0.56 26.51 17.14 0.97 0.46 0.04 0.11
2 9 0.72 0.16 0.54 0.15 25185.57 64648.83 0.38 0.08
3 31 0.75 0.14 0.56 0.12 5.54x10'?  2.93x10" 0.36 0.12
4 49 0.72 0.14 0.57 0.13 4.28x10™?  3.00x10" 0.35 0.1
5 9 0.79 0.06 0.62 0.13 6.80x10’ 2.04x108 0.28 0.09
First order radiomic parameters
Firstorder_Energy Firstorder_Entropy Firstorder_TotalEnergy Firstorder_Uniformity
Class n Mean SD P Mean SD P Mean SD P Mean SD P
1 2 5%108 2.50x10%  0.001* 5.06 02 098 1.82x10°  844528.58 0.02*  0.04 7.21x103 0.26
2 9 6x10° 1.02x10'" 493 0.32 4.34x10° 1.07%x10'" 0.04 8.97x103
3 31 110 1.54x10" 4.96 0.35 1.19%x10° 4.98%x10° 0.04 9.34x103
4 49 3x10™ 2.81x10'" 4.95 0.27 4.14x10° 1.11x10' 0.04 8.23x1073
5 9 110" 5.87x10" 4.92 0.29 2.24x10° 44710 0.04 0.01
Radiomic texture parameters
Texture_ GLCMC Texture_ NGTDMC
Class n Mean SD P Mean SD P
1 2 3346 065 0.06 0.12 0.05 0.001*
2 9 20.73 5.48 0.08 0.02
3 31 21.24 7.81 0.07 0.03
4 49 19.81 7.89 0.05 0.02
5 9 16.33 6.68 0.03 0.01

*: p<0.05. n: Number, SD: Standard deviation
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TABLE 3. Post-hoc comparisons — Volumetric size and selected radiomic characteristics
NGTDMC Energy Total energy
Class (mean) Comparison P Class Comparison P Class Comparison P
(mean) (mean) (mean) (mean) (mean)
1(0.12) 1(0.12) 0.2 1(5.41x108) 1(5.41x108) 1 1(1.82x10°) 1(1.82x10°) 0.997
2(0.08) <0.05* 2(5.71x10°) 1 2 (4.34%x10°) 1
3(0.07) <0.001* 3(1.16x10%) 0.6 3(1.19x10°) 0.996
4(0.05) <0.001* 4(2.97%x10) <0.001* 4(0.05) 0.374
2(0.08) 3(0.07) 0.3 2(5.71x10°) 3(1.16x10%) 1 2 (4.34x10°) 3(1.19x10°) 0.985
4 (0.05) <0.05* 4(2.97%x10') 0.1 4(4.14%x10°) 1
5(0.03) <0.01* 5(1.13x10™) <0.001* 5(2.25x10") 0.119
3(0.07) 4(0.05) 0.056 3(1.16x10%) 4(2.97%x10) <0.05* 3(1.19x10°) 4 (4.14%x10°) 0.927
5(0.03) <0.01* 5(1.13x10™) <0.001* 5(2.25x10") 0.006*
4 (0.05) 5(0.03) 0.076 4 (2.97%x10') 5(1.13x10™) <0.001* 4 (4.14%x10°) 5(2.25x10") 0.017*

*: p<0.05. NGTDMC: Neighbouring grey tone difference matrix contrast, n: Number, SD: Standard deviation

TABLE 4. Descriptive statistics of patients according to the qualita-
tive variables of the periapical lesion

Age
Variable Sex n Total (n) Mean SD
Erosion Male 25 55 453 15
Female 30 459 11.8
No erosion Male 14 45 495 11.9
Female 31 46.8 11.6
Irregular shape Male 13 33 47.2 12.7
Female 20 47.8 9.5
Regular shape Male 12 33 483 11.9
Female 21 46.5 9.4
Expand Male 7 15 50.7 14.7
Female 8 50.5 7.2
Does not expand Male 7 15 499 11.9
Female 8 50.7 924

*: p<0.05. n: Number, SD: Standard deviation

shape. Subsequently, from the remaining 67 images, another
33 were selected, which had regular-shaped periapical lesions
to establish a control group. This selection was carefully made
to ensure a similar age range and gender distribution between
the control group and the group with irregularly shaped le-
sions, thereby aiming to minimise confounding variables. This
systematic approach was consistently applied to other qual-
itative characteristics of the periapical lesions, ensuring that
each control group accurately mirrored the specific feature
being analysed in the study group.

Statistical Analysis

The Shapiro-Wilk test was used to determine the distribution
of the data. Quantitative variables will be reported through
the mean and standard deviation. Qualitative variables will
be reported through frequencies or percentages. To identify
significant differences between two groups of quantitative ra-
diomic variables, the student’s t-test or Mann-Whitney U test
was used, depending on the data distribution. An analysis of
variance (ANOVA) and post hoc Tukey tests were performed
to determine significant differences when there were more

than two groups. For the determination of the intra- and in-
ter-agreement between evaluators, Cohen'’s kappa coefficient
was used for qualitative and quantitative variables; the intra-
class correlation index was used. A significance level of p<0.05
was used. All statistical analyses were performed using the
IBM SPSS STATISTICS 27 software.

RESULTS

In the study, 100 CBCT scans with a small field of view met
the inclusion criteria within the specified timeframe, and 13
CBCT scans were excluded. Among these, 39 were from male
patients and 61 from female patients. The mean age for male
participants was 46.7 years, ranging from 28 to 73 years, while
the mean age for female participants was 46.3 years, ranging
from 18 to 82 years. Each of the 100 CBCT scans analysed fea-
tured a single tooth: 12 anterior teeth, 5 canines, 16 premo-
lars, and 73 molars. The results of the intra- and inter-reliability
assessments measured by Cohen'’s kappa coefficient indicated
a level of agreement around 0.70, which is considered an ac-
ceptable level of consistency for this study.

Difference in Radiomic Parameters according to the Volu-
metric Size of the Periapical Lesion

Regarding the analysis of the significant difference in radiom-
ic parameters based on the volumetric size of the periapical
lesion, the 100 images were analysed, and the reported fre-
quency of each category is presented in Table 1. According to
the findings, most lesions fell into class 4, followed by lesions
classified as class 3.

Difference in Shape Radiomic Parameters according to the
Volumetric Size of the Periapical Lesion

No significant differences were found in the shape radiomic
parameters (elongation, flatness, sphericity, and mesh vol-
ume) and the volumetric size of the periapical lesion (Table 2).

Difference in Texture Radiomic Parameters according to
the Volumetric Size of the Periapical Lesion

Regarding texture radiomic features (GLCMC and NGTDMC) con-
cerning the volumetric size of the lesion, only a significant differ-
ence was found in the NGTDMC feature (Table 2). The results indi-
cate that the larger the volumetric size, the less contrast (Table 3).
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TABLE 5. Difference of the radiomic parameters evaluated according to the presence or absence of erosion

Lozano Gonzélez et al. Radiomic Parameters in Periapical Lesions

Parameter Erosion n Mean SD test p

Shape_Elongation Yes 54 0.74 0.14 Student t 0.96
No 44 0.74 0.13

Shape_Flatness Yes 54 0.58 0.14 Student t 0.53
No 44 0.56 0.12

Shape_MeshVolume Yes 54 43389.18 136946.85 Mann-Whitney 0.09
No 41 8.90%x10" 4.03x10"

Shape_Sphericity Yes 54 0.34 0.1 Mann-Whitney 0.01*
No 44 0.38 0.1

Firstorder_Energy Yes 54 3.73x10" 4.52x101° Mann-Whitney 0.002*
No 44 1.71x10'° 2.45%x10™

Firstorder_Entropy Yes 54 4.99 0.3 Student t 0.18
No 44 4.91 0.3

Firstorder_TotalEnergy Yes 54 5.30x10° 1.59%10° Mann-Whitney 0.17
No 43 4.41x10° 1.77x10°

Firstorder_Uniformity Yes 54 0.04 8.97%x1073 Mann-Whitney 0.07
No 44 0.04 8.46x1073

Texture_GLCM Contrast Yes 54 18.94 6.81 Mann-Whitney 0.03
No 44 22.28 8.48

Texture_ NGTDMC Yes 53 0.05 0.02 Mann-Whitney 0.001*
No 44 0.07 0.03

*: p<0.05. n: Number, SD: Standard deviation, GLCM: Grey-level co- occurrence matrix, NGTDMC: Neighbouring grey tone difference matrix contrast

Difference in First-order Radiomic Parameters according
to the Volumetric Size of the Periapical Lesion

Regarding first-order radiomic features (energy, total energy,
entropy, and uniformity), a significant difference was found in
the energy and total energy parameters (Table 2). The results in-
dicate that the larger the size, the greater the energy (Table 3).

Difference in Radiomic Parameters according to the Pres-
ence or Absence of Erosion in the Periapical Lesion

The 100 scans with a reduced field of view were classified based
on the presence or absence of erosion in the periapical lesions.
Fifty-five lesions showed erosion; 25 were males, and 30 were
females. Fifty-five images did not show erosion; 14 of these im-
ages were of males, and 31 were of females (Table 4). Table 4
shows that the age ranges for males and females are similar.

Difference in Shape Features according to the Presence or
Absence of Erosion in the Periapical Lesion

A significant difference was only found in the shape parameter
of sphericity according to the presence or absence of erosion
in the periapical lesion. The results indicate that erosive lesions
have lower sphericity (Table 4, 5).

Difference in Texture Parameters according to the Pres-
ence or Absence of Erosion in the Periapical Lesion

A significant difference was found in both texture parameters
(GLCMC and NGTDMC) according to the presence or absence
of erosion in the periapical lesion. The results indicate that ero-
sive lesions have lower contrast (Table 4, 5).

Difference in First-order Parameters according to the Pres-
ence or Absence of Erosion in the Periapical Lesion

A significant difference was only found in the first-order ener-
gy parameter according to the presence or absence of erosion
in the periapical lesion. The results indicate that erosive lesions
have higher energy (Table 4, 5).

Difference in Radiomic Features according to the Shape of
the Periapical Lesion

Thirty-three images were identified in which the periapical
lesion had an irregular shape. Another 33 images with regu-
lar-shaped lesions were selected as a control group, matching
the proportion of males and females and the age range of the
initial images (Table 4). Regarding the differences in selected
radiomic parameters based on the shape of the periapical le-
sion, a significant difference was found only in the shape pa-
rameters: elongation and flatness. The results indicate irreg-
ular lesions have less elongation and flatness than periapical
lesions with a regular shape (Table 6).

Difference in Radiomic Features according to the Presence
of Expansion in the Periapical Lesion

Of the 100 images, 15 showed expansions of the periapical le-
sion.These 15 images were matched with 15 that did not show
expansion, ensuring a corresponding age range and gender
proportion to the patients with expansion (Table 4). No sig-
nificant differences were found in the radiomic characteristics
between the images showing expansion and those without
expansion of the periapical lesion (Table 7).

DISCUSSION

In this study, the volume size of the periapical lesion was sig-
nificantly correlated with the GNTD contrast parameter and
the energy parameter. The results indicate that the larger the
lesion’s size, the greater the energy and the lower the contrast.
An increase in energy may indicate a more aggressive or ac-
tive lesion, which could help diagnose or predict the lesion. A
reduced value in the radiomic parameter NGTDMC correlates
with larger lesion sizes and cortical erosion. Finally, the analy-
sis of the shape of periapical lesions and their radiomic char-
acteristics revealed that lesions with a regular shape exhibited
greater elongation and flattening.
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TABLE 6. Difference of the radiomic parameters evaluated according to shape of the periapical lesion
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Parameter Shape n Mean sD Test p
Shape_Elongation Regular 33 0.794 0.115 Student t 0.006*
Iregular 33 0.708 0.129
Shape_Flatness Regular 33 0.614 0.107 Student t 0.005*
Iregular 33 0.534 0.113
Shape_MeshVolume Regular 33 6.36x10" 3.66x10" Mann-Whitney 0.09
Iregular 33 4.84x10" 2.74x10"
Shape_Sphericity Regular 33 0.385 0.115 Mann-Whitney 03
Iregular 33 0.346 0.094
Firstorder_Energy Regular 33 1.68x10'° 1.78x10'° Mann-Whitney 0.1
Iregular 33 3.13x10™ 4.05x10'"
Firstorder_Entropy Regular 33 4.932 0.307 Student t 0.5
Iregular 33 4.98 0.294
Firstorder_TotalEnergy Regular 33 2.89x10° 8.09%10° Mann-Whitney 03
Iregular 33 3.23x10° 1.04x10'°
Firstorder_Uniformity Regular 33 0.04 0.01 Mann-Whitney 0.7
Iregular 33 0.039 0.008
Texture_GLCM Contrast Regular 33 21.405 9.83 Mann-Whitney 0.9
Iregular 33 19.995 6.216
Texture NGTDMC Regular 33 0.068 0.026 Mann-Whitney 0.1
Iregular 33 0.062 0.029
*: p<0.05. n: Number, SD: Standard deviation, GLCM: Grey-level co- occurrence matrix, NGTDMC: Neighbouring grey tone difference matrix contrast
TABLE 7. Difference of the radiomic parameters evaluated according to the presence or absence of expansion
Parameter Expansion n Mean SD Test p
Shape_Elongation Yes 15 0.77 0.16 Student t 0.5
No 15 0.74 0.15
Shape_Flatness Yes 15 0.59 0.14 Student t 0.8
No 15 0.58 0.1
Shape_MeshVolume Yes 15 1.50x10" 5.61x10" Mann-Whitney 0.7
No 15 25561.46 64780.86
Shape_Sphericity Yes 15 0.34 0.07 Mann-Whitney 0.2
No 15 0.37 0.08
Firstorder_Energy Yes 15 2.36x10™ 1.30x10' Mann-Whitney 0.2
No 15 1.94x10'° 1.86x10'°
Firstorder_Entropy Yes 15 5.04 0.34 Student t 03
No 15 5.13 0.15
Firstorder_TotalEnery Yes 15 7.50x10° 1.63x10' Mann-Whitney 03
No 15 3.24x10° 7.64%x10°
Firstorder_Uniformity Yes 15 0.04 8.67x1073 Mann-Whitney 04
No 15 0.03 4.05x1073
Texture_GLCM Contrast Yes 15 23.22 7.88 Mann-Whitney 0.3
No 15 21.25 6.92
Texture_ NGTDMC Yes 15 0.07 0.02 Mann-Whitney 0.5
No 15 0.07 0.03

n: Number, SD: Standard deviation, GLCM: Grey-level co- occurrence matrix, NGTDMC: Neighbouring grey tone difference matrix contrast

The present study used small field-of-view CBCTs due to their
advantages, such as the possibility of a smaller voxel size and
higher image resolution. However, it presents challenges such as
scattered radiation and artefacts, which affect image quality (16).

The retrospective nature of this study may limit the generaliz-
ability of findings, as it relies on existing data rather than con-
trolled prospective collection. Additionally, the study was con-
ducted with a convenience sample, which may not represent
the general population more adequately. However, given the

absence of previous similar studies, this study can serve as a
pilot investigation to inform better sample size calculations for
future research. Furthermore, although a semi-automatic seg-
mentation method was utilised for CBCT image analysis, there
remains a possibility of human error potentially affecting result
accuracy. Despite efforts to standardise image protocols, vari-
ability and bias in CBCT image interpretation may still occur.

This study computed sphericity directly using Pyradiomics
software, which provides a robust and automated method
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for extracting radiomic features from medical images. This
contrasts with the approach taken by Boubaris et al. (15), who
derived sphericity semi-manually using Excel software by cal-
culating from individual volume values and surface area mea-
surements. The use of Pyradiomics ensures a higher degree of
accuracy and reproducibility due to its automated nature and
the sophisticated algorithms it employs.

A significant strength of this study is the employment of small
field-of-view CBCT scans, known for their enhanced image
quality, which results in more precise and accurate measure-
ments. This marked improvement over the large FOV CBCT
scans used in previous studies, often associated with lower im-
age resolution and potentially less reliable data. The improved
image quality of reduced FOV CBCT scans can lead to more ac-
curate quantification of radiomic features, thereby strengthen-
ing the validity of the study’s findings. However, the use of re-
duced FOV CBCT scans, while advantageous in terms of image
quality, may be less widely applicable in clinical settings where
full FOV scans are more commonly used due to their broader
diagnostic capabilities. This could impact the generalizability
of the study’s findings to real-world clinical practice (17, 18).

According to our results, the volume of the periapical lesion
was significantly correlated with the GNTD contrast parameter
and the energy parameter. This aligns with the study by Bian-
chi et al. (19), which reported that variations in energy values
could serve as biomarkers in diagnosing temporomandibu-
lar joint osteoarthritis. Furthermore, lower GLCM and GNTD
contrast have been associated with lesions that tend to cause
cortical expansion and thinning. For instance, Jiang et al. (20)
found that lower GLCM and GNTD contrast values are related
to odontogenic keratocysts, which typically exhibit cortical ex-
pansion and thinning compared to simple bone cysts, which
have higher GLCM and GNTD contrast values and do not exhib-
it significant growth or cause cortical expansion and thinning.

A reduced value in the radiomic parameter GNTD contrast cor-
relates with larger lesion sizes and cortical erosion, consistent
with previous research highlighting the significance of radiom-
ic texture parameters in differentiating between odontogenic
and non-odontogenic sinusitis. In that study, sinus membrane
thickening associated with odontogenic sinusitis presented
higher grey-level co-occurrence matrix (GLCM) contrast and
entropy than that related to non-odontogenic sinusitis (21).
These findings align with previous studies that report larger
lesions generally have a poorer prognosis (22, 23). Therefore,
precise values such as radiomic contrast and energy features
can aid in developing more accurate predictive models for the
prognosis of periapical lesions (24). In this study, the spherici-
ty and volumetric size of the periapical lesions did not exhibit
significant differences, a finding that diverges from the results
reported by Boubaris et al. (15), who found that larger periapi-
cal lesions exhibited greater sphericity (17).

The analysis of the shapes of periapical lesions and their radio-
mic characteristics revealed that lesions with a regular shape
exhibited greater elongation and flattening. This observation
aligns with the findings of similar studies. For instance, Suke-
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gawa et al. (25) analysed the morphology of radicular cysts in
146 patients, reporting that radicular cysts in the maxilla were
associated with bone expansion in both the mesiodistal and
buccolingual directions. In contrast, those in the mandible
progressed mesiodistally without bone expansion.

Regarding the presence or absence of erosion in periapical
lesions and their associated radiomic characteristics, signif-
icant differences were observed in sphericity (a texture-type
feature), texture contrast, and the first-order feature energy.
These findings are consistent with prior studies, which sug-
gest that texture features may be the most reliable biomarkers
for assessing lesion severity. For example, Kavitha et al. (26)
observed that texture features yielded significant findings
when using radiomic analysis on panoramic radiographs of
Korean females to diagnose and classify osteoporosis in the
jaw. Similarly, Kawashima et al. (27) demonstrated the utility of
texture features extracted from head tomography scans of 29
patients in diagnosing osteoporosis in different regions of the
skull and maxillary bones. Finally, no significant differences
were observed between the groups regarding the presence or
absence of cortical expansion caused by periapical lesions and
the evaluated radiomic characteristics. This may be attributed
to the relatively small sample size, with only 15 CBCTs included
per group. However, literature exists with similar sample sizes
where significant results were obtained. Therefore, it is recom-
mended that future studies incorporate a greater number of
radiomic features to identify significant results (28).

Several methods have been reported for enhancing low-qual-
ity images used in radiomics. For instance, Khan et al. (29) de-
composed imagesinto reflection and illumination components
to improve visibility, contrast, and edge preservation. While
more precise than manual, semi-automatic segmentation still
allows for human error, which can be mitigated by implement-
ing deep learning algorithms. Ekert et al. (30) successfully used
a deep convolutional neural network to detect apical lesions,
reducing human error. To optimise radiomics, large datasets,
standardised procedures, and verification processes are nec-
essary, with existing initiatives aiming to standardise medical
practices to support radiomics advancement (31).

Future research includes developing machine learning or arti-
ficial intelligence algorithms utilising radiomic parameters to
enhance the detection and classification of periapical lesions.
Additionally, investigating the impact of different endodontic
treatment protocols on the radiomic characteristics of lesions
over time could provide valuable insights. Furthermore, compar-
ative studies assessing the utility of radiomics in CBCT against
other imaging modalities such as periapical radiography, pan-
oramic radiography, and magnetic resonance imaging would be
beneficial. Moreover, exploring the relationship between molec-
ular and genetic biomarkers and radiomic features in periapical
lesions could deepen the understanding of these pathologies
(32). Other areas of interest involve establishing histological
correlations with images analysed by radiomics. Additionally, ex-
ploring radiomics as a diagnostic tool for the differential diagno-
sis between apical lesions and those of non-odontogenic origin
could be a promising avenue for research (33).
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CONCLUSION

The recent study found significant differences in radiomic fea-
tures of periapical lesions. This emphasises the impact of vol-
umetric size, cortical erosion, and shape on various radiomic
parameters. The clinical relevance of this research is significant
as it has the potential to improve the quantitative characterisa-
tion of periapical lesions, leading to an objective interpretation.
These findings could be used in machine learning algorithms
to automate measurements and predictions based on CBCT
images, which could enhance treatment planning, prognosis,
differential diagnosis, and risk assessment. However, these in-
sights are preliminary, and further research is necessary to clar-
ify these relationships and their potential clinical implications.
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