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Objectives: This study aimed to search for scientific evidence concerning the accuracy of
computer-assisted analysis for diagnosing maxillofacial radiolucent lesions.

Methods: A systematic review was conducted according to the statements of Preferred
Reporting Items for Systematic Reviews and Meta-analyses Protocols and considering
10 databases, including the gray literature. Protocol was registered at the International
Prospective Register of Systematic Reviews (CRD42018089945). The population, interven-
tion, comparison and outcome strategy was used to define the eligibility criteria and only
diagnostic test studies were included. Their risk of bias was assessed by the Joanna Briggs
Institute Critical Appraisal tool. Random-effects model meta-analysis was performed and
heterogeneity among the included studies was estimated using the I? statistic. The grade of
recommendation, assessment, development, and evaluation (GRADE) tool assessed the
quality of evidence and strength of recommendation across included studies.

Results: Out of 715 identified citations, four papers, published between 2009 and 2017,
fulfilled the criteria and were included in this systematic review. A total of 191 lesions,
classified as periapical granuloma and cyst, dentigerous cyst or keratocystic odontogenic
tumor, were analyzed. All selected articles scored low risk of bias. The pooled accuracy esti-
mation, regardless of the classification method used, was 88.75% (95% CI = 85.19-92.30).
Heterogeneity test reached moderate values (I> = 57.89%). According to the GRADE tool,
the analyzed outcome was classified as having low level of certainty.

Conclusions: The overall evaluation showed all studies presented high accuracy rates of
computer-aided diagnosis systems in classifying radiolucent maxillofacial lesions compared
to histopathological biopsy. However, due to the moderate heterogeneity found among
the studies included in this meta-analysis, a pragmatic recommendation about the use of
computer-assisted analysis is not possible.
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Introduction

Radiographies, together with clinical and histological
exams, play an important role in the diagnosis of bone
lesions in craniofacial area.! Traditionally, two funda-
mental strategies exist for the diagnosis of periapical
lesions with the use of radiographs. The first is to base
the diagnosis on local features in the area of interest,
and the second is to base it on the global structures in the
radiograph.? Technology has provided major changes
in this segment, and the type and use of digital radio-
graphic equipment has already been subject of several
studies in multiple countries.>> These studies have
shown an increased availability of dental radiographic
units throughout the years, with an exponential increase
in digitalization.® This evolution is noticeable and has
provided clinicians with greater diagnostic possibilities
since the use of digital periapical radiographs’® till the
use of CBCT scans’!! and MRI.!>13

Despite this digital revolution on imaging technol-
ogies, an accurate diagnosis is still dependent on the
experience and judgment of the specialist,'* and this is
time-consuming and prone to human error.!® With the
aim of minimizing the subjectivity of personal evalua-
tion and substantiating the radiologists, semi-automatic
solutions using computational algorithms for diagnosis
and measurement of maxillofacial lesions have been
developed.'>!7” This computer-aided diagnosis (CAD)
has been developed to perform an automated quanti-
tative analysis of the textural features, voxel intensity,
location, shape, area and entropy of lesions, using math-
ematical formulas and algorithms.'

As CAD is a non-invasive tool for diagnosis and
with instant results,"” it has been successful in many
high-impact clinical areas, providing medical profes-
sionals with a valuable second opinion, being a great
complementary tool.>?2 However, the field of dentistry
has benefited little from the advancements of medical
image analysis, despite how common the dental practice
is to our daily life. According to Yilmaz et al,?® research
conducted on dental images in the field of computer
vision is extremely challenging. As radicular cysts are
the main reason of chronic swelling in maxillofacial
region,”* some studies have been performed for their
detection in radiographs or CBCT scans. Mol et al?
have determined that it is feasible to use texture analysis
to identify the presence of trabecular bone pattern in
radiographs and to detect a periapical bone lesion based
on a local absence of this pattern. Later, Flores et al'’
and Okada et al® combined graph-based random walks
segmentation with machine learning-based boosted clas-
sifiers in order to diagnose these lesions. In Banumathi et
al,'® an algorithm was developed to identify dental cysts
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using morphological descriptors of the shape, margin
and area at an early stage. A combination of support
vector machine based on texture features and a novel
approach involving logistic regression was proposed by
Nurtanio et al'? and Yilmaz et al, aiming to identify
cyst and tumor lesions. Finally, automatic segmentation
of maxillofacial structure based on asymmetry analysis
of pixels was proposed by Abdolali et al?’ also for diag-
nosis of cysts and tumors.

All the above-mentioned authors have tried to create
computer learning-based methodologies to simplify the
task of establishing a non-invasive diagnosis for maxil-
lofacial lesions. However, as an accurate and fast clas-
sification of these lesions is clinically very important,
improving the quality of patient care, the present
systematic review and meta-analysis aim to investigate
and exposure if there is scientific evidence that supports
the validity of computer image processing in accurately
performing the differential diagnosis of radiolucent
maxillofacial lesions, comparing to the histological
biopsy diagnosis.

Methods and materials

Protocol and registration

This systematic review was performed according to the
statements of the Preferred Reporting Items for System-
atic Reviews and Meta-analyses Protocols (PRIS-
MA-P),”® with guidance from the Cochrane Handbook
for Systematic Reviews.? Systematic review protocol
was registered at the International Prospective Register
of Systematic Reviews (PROSPERO) database, under
the number CRD42018089945 (http://www.crd.york.ac.
uk/PROSPERO).

Study design and eligibility criteria

Using the population, intervention, comparison and
outcome (PICO) strategy to define the eligibility criteria,
the present research aimed to answer the following ques-
tion: “Is the CAD of radiolucent maxillofacial lesions
as accurate as histological biopsy?”

Only studies that evaluated the accuracy of CAD
of radiolucent maxillofacial lesions were included.
No language or publication year were imposed. The
following exclusion criteria were applied: (1) studies
in which the subject of interest was not addressed, (2)
abstracts or indexes, (3) letters to editors, (4) literature
reviews, (5) personal or short communications, (6) book
chapters, (7) patents, (8) studies in which the histological
biopsy was not used to confirm the diagnosis, and (9)
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studies with high risk of bias or poor methodological
quality.

Search and information sources
In order to identify relevant studies, a systematic
search was conducted in the following electronic data-
bases: PubMed (including MedLine), Scopus, Embase,
SciELO, Web of Science, LILACS and IEEE Xplore.
A partial grey literature search was performed through
OpenGrey, OpenThesis and Open Access Thesis and
Dissertations (OATD). It was also conducted a hand
search of cross-references from original articles to iden-
tify additional studies that could not be located in the
electronic databases. These procedures were performed
to avoid potential selection and publication biases.
Descriptors were selected using the Descriptors in
Health Science (DeCS), the Medical Subject Headings
(MeSH) and the Embase Subject Headings (Emtree).
Boolean operators (AND and OR) were used to
combine the descriptors and potentiate the search
strategy by means of different combinations. This
search was performed in January 2019. The full elec-
tronic search strategy is illustrated in the Table 1. All
references obtained from PubMed, Scopus, Embase,
SciELO, Web of Science, LILACS and IEEE Xplore
were exported to EndNote Web™ (Thomson Reuters™,
Toronto, Canada) software, in which duplicate records
were removed. Additionally, references obtained from
OpenGrey, OpenThesis and OATD were exported to
Microsoft Word™ 2010 (Microsoft™ Ltd., Washington,
USA) software, in order to manually remove possible
duplicate records.

Study selection

The data collection was independently performed by two
reviewers (VKSS and WAYV), in three different phases.
First, reviewers discussed the eligibility criteria applying
them in 20% of the references, aiming to assess poten-
tial errors in the method. The inter-rater concordance
was evaluated by x statistic, obtaining a strong agree-
ment (K > 0.81) and confirming the reproducibility and
reliability of the evaluation. Then, titles were carefully
read to exclude articles out of the scope of this research.
Reviewers were not blinded for authorship information
or name of the journals. Studies in which the subject of
interest could not be addressed were excluded.

In Phase 2, abstracts of the remaining studies were
independently analyzed by the two reviewers. At this
stage, abstracts in which the subject of interest could not
be addressed, literature reviews, case reports, congress
abstract and studies with no histological biopsy were
excluded. Those whose titles matched the eligibility
criteria but did not have abstracts available were
obtained and had their full-text posteriorly analyzed in
Phase 3.

In Phase 3, remaining articles had their full-text eval-
uated and their reference lists carefully read in order to
identify studies that could not be located. Then, articles
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were assessed to verify whether they fulfilled the other
eligibility criteria. Studies in which diagnosis of radiolu-
cent lesions was not performed with the aid of computer
image processing, or that did not compare computer
images to histological biopsy were excluded. When
mutual agreement between the two reviewers was not
reached, a third reviewer (LRP) was involved to make
a final decision. Rejected studies and reasons for their
exclusion were recorded.

Data collection process and data items
After the screening was performed, texts of selected
articles were reviewed and data were extracted in a
systematic way, considering the authorship, year of
publication and country of origin of the article; the
study population (size and type of lesion); the image
processing features (type of exam, segmentation
method, extracted features); and the way the results
were achieved (classification method, validation
method, rate of accuracy).

In order to ensure the consistency among reviewers,
a calibration exercise was performed with both
reviewers (VKSS and WAV), in which information
were extracted jointly from an eligible study. After,
one author (VKSS) collected all the above informa-
tion and a second author (WAV) cross-checked them
to confirm the quality of extracted data. Any disagree-
ment between the reviewers was solved by discussion
with a third author (MAVB). When additional assis-
tance was necessary to make a final decision, a fourth
author (LRP) was consulted.

Risk of bias in individual studies

The risk of bias of the selected articles was investi-
gated using the Joanna Briggs Institute (JBI) Critical
Appraisal tool* for use in JBI systematic review studies
involving diagnosis accuracy.’*> Each domain related to
the potential risk of bias was independently evaluated by
two reviewers (VKSS and WAYV), according to the PRIS-
MA-P recommendations.?® The following questions
were used for this evaluation: (1) was the study based on
a consecutive or random sample?; (2) was a case control
design avoided?; (3) did the study avoid inappropriate
exclusions?; (4) were the index test results interpreted
without knowledge of the results of the reference stan-
dard?; (5) if a threshold was used, was it pre-specified?;
(6) is the reference standard likely to correctly classify
the target condition?; (7) were the reference standard
results interpreted without knowledge of the results
of the index test?; (8) was there an appropriate interval
between index test and reference standard?; (9) did all
patients receive the same reference standard?; (10) were
all patients included in the analysis? Then, according to
the tool,* the risk of bias should be rated as high, when
the study reached up to 49% score “yes”, moderate,
when it reached 50 to 69% score “yes”, and low, when it
reached more than 70% score “yes”.
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Table 1 Electronic databases and applied search strategy

Database

Search Strategy (January 2019)

PubMed

https://www.ncbi.nlm.nih.gov/pubmed/

Scopus
http://www.scopus.com/

Embase
http://www.embase.com

SciELO
www.scielo.org/

Web of Science
http://apps.webofknowledge.com/

LILACS
lilacs.bvsalud.org/

IEEE Xplore
https://ieeexplore.ieee.org/

OpenGrey
http://www.opengrey.eu/

OpenThesis
http://www.openthesis.org/

Open Access Thesis and Dissertations

https://oatd.org/

(“Odontogenic Cysts”[MeSH Term] OR “Odontogenic Cysts”[All Fields]

OR “Odontogenic Cyst”[All Fields] OR “Periapical Cyst”[All Fields] OR
“Dental Apical Lesion”[All Fields] OR “Radicular Cyst”[MeSH Term] OR
“Radicular Cyst”’[All Fields] OR “Follicular Cyst”[All Fields] OR “Apical
Periodontal Cyst”[All Fields] OR “Periapical Lesion”[All Fields] OR
“Maxillofacial Cyst”[All Fields]) AND (“Computer-Aided Diagnosis”’[MeSH
Term] OR “Computer-Aided”’[All Fields] OR “Cone-Beam Computed
Tomography”[MeSH Term] OR “Cone-Beam Computed Tomography”[All
Fields] OR “Image Processing Computer-Assisted”[MeSH Term] OR “Image
Processing Computer-Assisted’[All Fields] OR “CBCT”[All Fields] OR
“Computer-Assisted Surgery”[All Fields] OR “Dental Panoramic Images”[All
Fields] OR “Digital Radiography”[All Fields])

(“Odontogenic Cysts” OR “Apical Lesion” OR “Radicular Cyst” OR
“Maxillofacial Cyst”) AND (“Computer-Aided Diagnosis” OR “Cone-Beam
Computed Tomography” OR “Image Processing Computer-Assisted” OR
“CBCT” OR “Dental Panoramic Images”)

(‘odontogenic cysts'/exp OR 'odontogenic cysts' OR "periapical cyst' OR 'apical
lesion' OR 'radicular cyst'/exp OR 'radicular cyst' OR 'maxillofacial cyst') AND
(‘computer-aided diagnosis' OR 'cone-beam computed tomography'/exp OR
'cone-beam computed tomography' OR 'image processing, computer-assisted'/
exp OR 'image processing, computer-assisted' OR 'cbct' OR 'dental panoramic
images' OR 'digital radiography'/exp OR 'digital radiography')

Odontogenic Cysts AND CBCT

Odontogenic Cysts AND Cone-Beam Computed Tomography

Odontogenic Cysts AND Computer-Aided diagnosis

Odontogenic Cysts AND Digital Radiography

Apical lesion AND Digital Radiography

Periapical Cyst AND Digital Radiography

Periapical Cyst AND Cone-Beam Computed Tomography

Maxillofacial cyst AND Digital Radiography

Maxillofacial cyst AND Computer-Aided diagnosis

Maxillofacial cyst AND Cone-Beam Computed Tomography

Tumor Odontogénico AND Tomografia [Portuguese]

Lesao Periapical AND Tomografia [Portuguese]

(“Odontogenic Cysts” OR “Periapical Cyst” OR “Apical Lesion” OR
“Radicular Cyst” OR “Maxillofacial Cyst”) AND (“Computer-Aided
Diagnosis” OR “Cone-Beam Computed Tomography” OR “Image Processing
Computer-Assisted” OR “CBCT” OR “Dental Panoramic Images” OR
“Digital Radiography”)

“Odontogenic Cysts” AND “CBCT”

“Odontogenic Cysts” AND “Cone-Beam Computed Tomography”

“Apical Lesion” AND “Digital Radiography”

“Periapical Cyst” AND “Digital Radiography”

“Maxillofacial cyst” AND “Digital Radiography”

“Maxillofacial cyst” AND “Computer-Aided Diagnosis”

“Tumor Odontogénico” AND “Tomografia” [Portuguese]

“Lesao Periapical” AND “Tomografia” [Portuguese]

(“Odontogenic Cysts” OR “Periapical Cyst” OR “Apical Lesion” OR
“Radicular Cyst” OR “Maxillofacial Cyst”) AND (“Computer-Aided
Diagnosis” OR “Cone-Beam Computed Tomography” OR “Image Processing
Computer-Assisted” OR “CBCT” OR “Dental Panoramic Images” OR
“Digital Radiography”)

(“Odontogenic Cysts” OR “Apical Lesion” OR “Radicular Cyst” OR
“Maxillofacial Cyst”) AND (“Computer-Aided Diagnosis” OR “Cone-Beam
Computed Tomography” OR “Image Processing Computer-Assisted” OR
“CBCT” OR “Dental Panoramic Images” OR “Digital Radiography”)

(“Odontogenic Cysts” OR “Apical Lesion”)

(“Odontogenic Cysts” OR “Apical Lesion”)
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Data analysis

A meta-analysis using random-effects model was
performed to estimate pooled accuracy rates of diag-
nosis based on computer image processing compared to
the histological biopsy. In addition to a pooled measure,
accuracy was also assessed according to the different
methods of classifying lesions used in the studies. The
random-effects model was used aiming to minimize
the influence of the heterogeneity among the included
articles.”® Heterogeneity among the included studies
was estimated using the I? statistic.* Analyses were
performed using Stata 15.1 (StataCorp LLC, College
Station, TX, USA) software.

Quality of the evidence

GRADEpro GDT software (http://gdt.guidelinedevel-
opment.org) was used to summarize the results. The
quality of the evidence and the strength of recommen-
dations were evaluated using the Grade of Recommen-
dation, Assessment, Development, and Evaluation
(GRADE) tool, based on the study design, methodolog-
ical limitations, inconsistency, indirect evidence, impre-
cision and other considerations, being rated as high,
moderate, low and very low.®

Results

Study selection

The systematic search performed within 10 electronic
databases, including the grey literature, resulted in 715
references, of which 266 were duplicates. After removing
duplicates, 449 references had their titles carefully read.
A total of 392 references were excluded. Then, in Phase
2, the remaining references had their abstracts analyzed
and 53 were excluded. References which did not have
abstracts available had their full-texts evaluated in Phase
3. In this phase, only four articles!’**?>% were selected
for full-text reading and assessment of the eligibility
criteria. Their reference lists were also carefully read
in order to identify studies that could not be located
in the search. After reading the reference lists and
performing a manual search of cross-references of these
four selected articles, three new titles were selected.!>162¢
After reading the full-texts of the seven articles, the
study by Wiener et al*® was excluded because did not use
computer image processing, and the studies by Banu-
mathi et al'® and Nurtanio et al*® were excluded because
they did not perform histological biopsy. Finally, both
in qualitative and quantitative analysis, four articles
were included.!>!723% A flowchart depicting the selection
process based in the PRISMA diagram?’ is provided in
Figure 1.

Characteristics of the selected studies

Selected articles were published between 2009 and
2017, all of them written in English.'>!7%> Studies
were conducted by research groups from four different

Computer-assisted analysis in the diagnosis of radiolucent lesions.
Silva et al

countries, namely United States,'>* Iran and Japan,'
and Turkey.? Table 2 provides a summary of their
characteristics.

Two out of the four eligible studies mentioned about
the approval by the ethical committee.'>* Altogether,
images from 191 patients were analyzed and, based
on histopathological diagnosis, lesions were classi-
fied as periapical cyst or periapical granuloma in two
studies,'>* radicular cyst, dentigerous cyst or kerato-
cystic odontogenic tumor in one,'” and as periapical cyst
or keratocystic odontogenic tumor in the other study.?

CAD was performed using CBCT in all the
studies,'>!”2*2 although other methods of lesion
segmentation have been used. Manual segmenta-
tion was performed in one research,” semiautomatic
segmentation with minimal user interaction combined
to the graph-based random walks algorithm was used in
two,'>» and automatic segmentation based on symmetry
analysis and active contours to improve the accuracy of
segmentation was performed in the remaining study.!” In
one article, the random walks segmentation was proba-
bilistic extended by using likelihood ratio test formalism.
As textural information is often utilized in the analysis of
medical images, texture was the main feature extracted of
lesions in all studies.'>!7%2 Two of them!*?* considered
a set of eight features computed from the lesion’s inten-
sity distribution, namely maximum, minimum, mean,
median, standard deviation, skewness, kurtosis and
entropy. In one study,? five of those features (median,
standard deviation, skewness, kurtosis, and entropy)
were used. In this study,? the gray-level co-occurrence
matrix (GLCM) proposed by Haralick® was also used
to obtain the textural data considering 12 different
features: energy, entropy, correlation, contrast, vari-
ance, sum mean, inertia, cluster shade, cluster tendency,
homogeneity, maximum probability and inverse vari-
ance. These features were obtained from each GLCM.
As a result, 12 features were extracted from the order
statistics and 624 from the GLCM, and then the feature
vector consisted of 636 different values, including the
order statistics and the textural feature information.
Finally, in one study, texture and shape features were
extracted using contourlet and orthogonalized spherical
harmonics (SPHARM) coefficients.!”

The eligible studies used different classification
methods for the lesions based on the extracted features.
The linear discriminant analysis (LDA) and the adap-
tive boosting (AdaBoost) were used in two articles,'*
while the support vector machine (SVM) was utilized in
the other two.!7? Other nine classification methods were
considered by the studies, namely simple threshold,"
two types of LDA-AdaBoost combinations,® sparse
discriminant analysis (SDA)" and k-nearest neighbors,
naive Bayes, decision trees, random forest and neural
network.?

Although more than one validation method have
been used in two eligible studies,?** the leave-one-out
cross-validation (LOOCYV) was used to validate the
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Figure 1 Flowchart showing the results of the search process.

classification experiments in three studies.!>?*? In the
only eligible article that have not used LOOCYV,!” a three-
fold cross-validation method was used for verification of
the classifier performances. In addition to LOOCY, the
seven-fold cross-validation was used in one research,?
while the ten-fold cross-validation and the split sample
validation were use in other one.?

All studies analyzed their system performance
through accuracy measurements. Two studies visually
assessed the diagnostic ability of the classifier system
using the receiver operating characteristic (ROC)
curve, created by plotting the sensitivity against the
specificity values.'>* In addition to the sensitivity and
specificity values, the positive and negative predictive
values were statistical measures also used to describe the
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performance of different classifiers in the other two arti-
cles.!”? In one study,? besides accuracy, another metric
was considered to analyze the classifier performance,
the Fl-score, obtaining similar results compared to the
accuracy evaluation.

Risk of bias within the studies

The methodological risk of bias evaluation using the
Joanna Briggs Institute (JBI) Critical Appraisal tool*
for use in JBI systematic review studies involving diag-
nosis accuracy**?is shown in Table 3, where it is possible
to depict the answers to the 10 questions. None of the
included articles fulfilled all the criteria from the check-
list. All studies scored low risk of bias.!>!72325 Question
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Table 2 Characteristics of studies included in the systematic review and meta-analysis

Authorship
Year of
publication
Country of Lesion Extracted Classification Validation Performance
origin N Lesion Type Dataset Segmentation User Interaction Features Method Method Measures
Floreset 17  Periapical 3D Graph-based  Semiautomatic Intensity Simple threshold LOOCV Accuracy
al.l® cyst images random walks with very few  statistics LDA ROC curve
2009 Periapical (CBCT) algorithm interactions (maximum, AdaBoost (Sensitivity,
USA granuloma minimum, mean, 1-Specificity)
median, standard
deviation,
skewness,
kurtosis,
entropy)
Okadaet 28  Periapical 3D LRT-extended Semiautomatic Intensity LDA Seven-fold cross- Accuracy
al.» cyst (14) images graph-based  with very few  statistics AdaBoost validation ROC curve
2015 Periapical (CBCT) random walks interactions (maximum, LDA-AdaBoost LOOCV (Sensitivity,
USA granuloma algorithm minimum, mean, combination 1-Specificity)
(14 median, standard
deviation,
skewness,
kurtosis,
entropy)
Abdolaliet 96  Radicular 3D Symmetry Automatic Contourlet SVM Three-fold cross- Accuracy
al.l” cyst (38) images analysis transform SDA validation Sensitivity
2017 Dentigerous (CBCT) combined with SPHARM Specificity
Iran and cyst (36) active contours Orthogonalized Positive
Japan KCOT (22) SPHARM predictive
value
Negative
predictive
value
Yilmazet 50 Periapical 3D Manual Manual Intensity K-nearest Ten-fold cross-  Accuracy
al.? cyst (25) images segmentation statistics neighbors validation Sensitivity
2017 KCOT (25) (CBCT) (median, Naive Bayes Split sample Specificity
Turkey standard Decision trees  validation Positive
deviation, Random forest LOOCV predictive
skewness, Neural network value
kurtosis, SVM Negative
entropy) predictive
GLCM (624 value
texture features) F1-score

N, Sample size; CBCT, Cone beam computed tomography; LDA, Linear discriminant analysis; AdaBoost, Adaptive boosting; LOOCYV,
Leave-one-out cross-validation; ROC, Receiver operating characteristic; LRT, Likelihood radio test; KCOT, Keratocystic odontogenic tumor;
SPHARM, Spherical harmonics; SVM, Support vector machine; SDA, Sparse discriminant analysis; GLCM, Gray-level co-occurrence matrix.

four was answered as “no” because histopathological  no study defined the interval between histopathological
diagnosis was already known before image processing, exams and CAD.
and question eight was considered “unclear” because

Table 3 Risk of bias assessed by the Joanna Briggs Institute (JBI) Critical Appraisal tool® for use in JBI systematic review studies involving
diagnosis accuracy.’!

Authors Q1 02 03 04 05 06 Q7 08 09 010 % Yes  Risk of Bias
Flores et al.!s N N \ - v N N U N N 80% Low
Okada et al.”® N N \ - N N N U V N 80% Low
Abdolali et al.'” N \ N -- N N N U \ N 80% Low
Yilmaz et al.? N \ \ - v N N U \ N 80% Low

Q1) Was the study based on a consecutive or random sample?; Q2) Was a case control design avoided?; Q3) Did the study avoid inappropriate
exclusions?; Q4) Were the index test results interpreted without knowledge of the results of the reference standard?; QS5) If a threshold was
used, was it pre-specified?; Q6) Is the reference standard likely to correctly classify the target condition?; Q7) Were the reference standard results
interpreted without knowledge of the results of the index test?; Q8) Was there an appropriate interval between index test and reference standard?;
Q9) Did all patients receive the same reference standard?; Q10) Were all patients included in the analysis?; V) Yes; --) No; U) Unclear.
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Table 4 Description of the main outcomes of selected studies

Authorship

Year of publication

Country of origin QOutcome

Flores et al.” The individual classifier with highest accuracy was AdaBoost, using a combination of
2009 skewness, kurtosis and entropy as the feature vector, resulting in a performance of 88.2%
USA success rate using the LOOCYV statistics.

Okada et al.» The new proposed classifier LDA-AdaBoost combination achieved the best result, yielding
2015 a performance of the proposed method of 85.7% of accuracy using the seven-fold cross-
USA validation method and of 78.9% accuracy when the LOOCYV method was applied.

Abdolali et al."”

The proposed framework based on orthogonalized SPHARM and contourlet features to

2017 obtain shape and texture information, using SDA and SVM classifiers, achieved diagnosis

Iran and Japan

accuracies of 96.48 and 94.29%, respectively, applying the three-fold cross-validation

method.
Yilmaz et al. The individual classifier with highest accuracy was SVM, and its performance was increased
2017 by reducing the size of the feature vector using the forward feature selection algorithm. The
Turkey best results were achieved as 100% accuracy using the 10-fold cross-validation method, as

96% accuracy when a split sample validation was used, and 94% accuracy when LOOCV

method was applied.

AdaBoost, Adaptive boosting; LDA, Linear discriminant analysis; SPHARM, Spherical harmonics; SDA, Sparse discriminant analysis; SVM,

Support vector machine; LOOCYV, Leave-one-out cross-validation.

Results of individual studies and meta-analysis

The main outcomes of the selected articles are described
in Table 4. The overall evaluation showed that all
studies presented high accuracy rates of computer
image processing methods in diagnosing radiolucent
maxillofacial lesions. Although two studies?** have
used more than one validation method, the LOOCV
statistics was the one preferred for obtaining the accu-
racy measures, since it was applied in three of the four
eligible studies.!>*?% As can be seen in Figure 2, consid-
ering the 12 classification methods used by different
authors, the lowest accuracy rate was 69.12% (95%
CI = 45.45-85.74), when the simple threshold method
was applied,” and the highest rate was 96.48 (95% CI
= 91.62-98.56) using the individual classifier SDA."
Heterogeneity between studies was considered moderate
(I? = 57.89%). The pooled accuracy estimation, regard-
less of the classification method used, was 88.75% (95%
CI = 85.19-92.30).

Certainty of evidence

The quality of evidence and the strength of recommen-
dation of the main outcomes evaluated by the GRADE
tool® was rated as low, which means that confidence in
the effect estimate is limited and that the true effect may
be substantially different from the estimate of the effect
(Table 5).

Discussion

This systematic review and meta-analysis aimed to eval-
uate the accuracy of computer image processing for
performing the diagnosis of radiolucent maxillofacial
lesions in comparison with the histological biopsy diag-
nosis. In recent years, many studies have been performed
in the areas of medical imaging and signal processing,*

Dentomaxillofac Radiol, 49, 20190204
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including lung nodule detection® and breast tumor
diagnosis.* However, each study considers a specific
method depending on the characteristics of the disease
of interest. In head and neck areas, only few published
articles exist that address computer-aided detection
and classification of lesions related to dental struc-
tures.!-»15717.2325.2641.42 Tn most of them, the high accuracy
of the novel approaches demonstrates the effectiveness
of CAD systems in classifying lesions. Despite this, a
close variation of 30% was observed between the most
and least accurate classification methods of the eligible
studies, indicating the need for standardization and
search for even more accurate methods.

According to Yilmaz et al,”® lesion classification
is still a problem in the field of computer vision. In
their pioneer work, Simon et al*' demonstrated high
correlation between CBCT-based predictions and
histological biopsy, suggesting its potential to be an
effective, safe and non-invasive diagnostic tool for
periapical lesions. However, their procedure requires
an expert to manually search the whole lesion for the
minimum intensity voxel corresponding to the cavity,
which is time-consuming due to the large amount of
data to be analyzed. In addition, the simple threshold
classifier used in their method may be unreliable due
to the fact that CBCT image’s gray scale values can
be modified according to the patient. Flores et al®®
proposed a semiautomatic solution for the differen-
tial diagnosis of two periapical lesions (cyst and gran-
uloma). They adapted the CAD approach to exploit
advanced computational algorithms, improving the
usability of the system by reducing the amount of
user interaction. In their study,! lesion classification
was performed by three machine learning-based classi-
fiers, the simple threshold, the LDA and the AdaBoost.
Due to the small training data set, LOOCV method
was used to validate the classification experiments, and
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Study ES (95% CI) Weight (%)
AdaBoost :
Flores et al (2009) —_—— 88.20 (65.62, 96.70) 3.94
Okada et al (2015) —_— 75.00 (56.64, 87.32) 3.69
Subtotal O‘ 81.90 (70.81, 92.98) 7.63
1
Decision trees !
Yilmaz et al (2017) —_— 88.00 (76.20, 94.38) 7.59
1
1
K-NN X
Yilmaz et al (2017) —r— 86.00 (73.81, 93.05) 7.10
1
1
LDA ;
Flores et al (2009) —_—— 73.08 (49.31, 88.34) 2.39
Okada et al (2015) —_— 75.00 (56.64, 87.32) 3.69
Subtotal _ : 74.30 (61.53, 87.06) 6.08
1
Liu’s LDA-AdaBoost !
Okada et al (2015) _+—: 78.60 (60.49, 89.81) 4.00
1
1
Naive Bayes :
Yilmaz et al (2017) —— 92.00 (81.16, 96.85) 8.90
1
1
Neural network :
Yilmaz et al (2017) ——— 92.00 (81.16, 96.85) 8.90
1
1
1
Okada’s LDA-AdaBoost 1
Okada et al (2015) —_—T 78.90 (60.82, 90.01) 4.03
1
1
1
Random forest !
Yilmaz et al (2017) —— 90.00 (78.64, 95.65) 8.18
1
1
SDA :
Abdolali et al (2017) | — 96.48 (91.62, 98.56) 13.17
1
1
SVM X
Abdolali et al (2017) — 94.29 (88.75, 97.19) 12.38
Yilmaz et al (2017) ——— 94.00 (83.78, 97.94) 9.81
Subtotal : < 94.21 (90.75, 97.67) 2220
1
Simple threshold !
Flores et al (2009) —— : 69.12 (45.45, 85.74) 223
1
1
Heterogeneity between groups: p = 0.001 !
Overall ("2 =57.89%, p = 0.00); é 88.75 (85.19, 92.30) 100.00
1
L

| I | | | |
0 10 20 30 40 50

| | | |
70 80 9 100

Figure 2 Forest plot with accuracy estimates according to classification method, and pooled estimate using random effects modeling.

the individual classifier with the highest accuracy was
AdaBoost, resulting in 88.2% success rate.

Six years later, the same group of researchers®
extended their previous study,” employing a larger
dataset, also with the aim of obtaining differential diag-
nosis between cyst and granuloma. Besides LDA and
AdaBoost classifiers, they used the LDA-AdaBoost
combination proposed by Liu et al** and a new LDA-
AdaBoost combination created by them. The newly
proposed LDA-AdaBoost combination achieved the
highest accuracy, yielding a performance of 85.7% using
the seven-fold cross-validation method, and of 78.9%
when the LOOCYV statistics was applied.

Radiolucent images of periapical cysts were also
evaluated in the other two eligible studies.'”* According
to Shear and Speight,”* the most common type of

maxillofacial cysts is the periapical cyst, being the main
reason of chronic swelling in mandible. Still according
to them,* the second prevalent cyst is dentigerous cyst,
followed by the keratocystic odontogenic tumor, which
is of great importance due to the high possibility of
recurring. Considering this, Abdolali et al'” proposed a
hybrid method based on surface and texture information
for accurate and fast classification of these three types
of maxillofacial cysts. In their research, an automatic
lesion segmentation using symmetry analysis and active
contour models, one of the most successful variational
models in medical image segmentation,?”” improved the
accuracy and speed of this step. This method outper-
forms the semiautomatic approach used by Flores et al'’
and Okada et al® in terms of speed. The random walker
algorithm applied by Flores et al'* and Okada et al® is

birpublications.org/dmfr
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Table 5 Grade of Recommendation, Assessment, Development, and Evaluation (GRADE) based on the characteristics of studies included in
the systematic review and meta-analysis

Quality Assessment Summary of Findings Importance

Computer-assisted image analysis in the diagnosis of maxillofacial radiolucent lesions
Number Study Design Risk of Inconsistency Indirectness Imprecision Publication Number of Effects General
of Bias Biases Participants Quality
Studies

Random

(95%CI)
4 Diagnostic ~ Not Serious? Not serious  Not serious Not serious 191 88.75 O Critical

test accuracy serious 95%CI = LOW
85.19-92.30)

High, Very confident that the true effect lies close to that of the estimate of the effect; Low, Limited confidence in the effect estimate, the true
effect may be substantially different from the estimate of the effect.; Moderate, Moderately confident in the effect estimate, the true effect is likely
to be close to the estimate of the effect, but there is a possibility that it is substantially different; Very Low, Little confidence in the effect estimate,

the true effect is likely to be substantially different from the estimate of effect.
GRADE approach results in an assessment of the quality of a body of evidence
* Due to the moderate heterogeneity (F = 57.89%), it was downgraded in one level.

too slow for real-time applications, taking around 1 h to
complete for each dataset, whereas segmentation using
Abdolali’s et al'” approach is faster, taking around 10
min.

An effective feature extraction approach using a
combination of SPHARM coefficients, the most widely
used methods in studying anatomical structures such
as brain and liver,** and contourlet features, which
provide texture information for physicians in finalizing
their diagnosis process, was employed by Abdolali et
al.'” In fact, the authors also improved the accuracy of
SPHARM using an adaptive algorithm for performing
an extra orthogonalization, which reduced the bias
of linear dependency between submatrices in iterative
residual fitting estimation. Then, two classifiers were
applied, the SVM, which is widely used in pattern
classification applications, and the SDA, a modified
version of LDA used by Flores et al’® and Okada et
al.?® According to Abdolali et al,'” one of the main chal-
lenges in medical data processing is the small number
of available samples, with SDA being more indicated
than LDA. The three-fold cross-validation method was
used to validate both classifiers, and SDA performance
was superior to SVM in terms of diagnosis accuracy,
achieving 96.48 and 94.29% success rates, respectively.

In Yilmaz et al® research, CAD was performed
between periapical cysts and keratocystic odontogenic
tumors. As they evaluated images obtained using the
Kodak 9500 CBCT imaging unit and analyzed them
with software bundled with the device, which did not
have the necessary tools to mark the volume of interest
in dental images, they developed software containing
both a volume of interest marker and feature extraction
tools. Contrary to the other selected studies,'>!”** manual
lesion segmentation was employed, approximately 127
sections per lesion. Segmentation of radiolucent lesions
is technically challenging because the low-dose CBCT
images tend to be noisy and the interface between the
lesion and the other soft tissues is often extremely vague.?
Hence, the manual approach is time-consuming, prone
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to human error and difficult to reproduce.*® Six different
experiment groups were designed by the authors® for
the diagnosis of lesions, using the 636 different values of
textural features obtained from each order statistics and
GLCM, combined to the six different selected classifiers.
Different parameter combinations were used for each
classifier to obtain the best classification performance
in these groups. SVM was the individual classification
method with the highest accuracy, achieving 100%, 96%,
and 94% success rates using the 10-fold cross-validation,
the split sample validation, and the LOOCYV methods,
respectively.

One important point that should be highlighted is the
small variety of lesions addressed in the eligible studies.
Similar CAD systems have been widely and successfully
applied in many medical areas, providing physicians with
a valuable tool. However, despite the commonality of
dental procedures, the field of dentistry has not yet fully
benefited from the advancements of these technologies,
and this fact is reflected in the low number of studies
eligible for this systematic review. On the other hand,
the present study is original and has as an important
positive point the low risk of bias of the selected articles,
which provides more secure and reliable results, in addi-
tion to a level 3degree of evidence according to Oxford
Centre for Evidence-Based Medicine.*’

Recently, a great interest has been focused on the
deep learning-based methods, which have been exten-
sively used for solving complex problems in medical
radiology.*®* These methods overcome some limitations
of conventional ones, and the most established algo-
rithm among various deep learning models is convolu-
tional neural network (CNN), a class of artificial neural
networks that has been a dominant method in computer
vision tasks, including various radiological tasks.*
Despite there still be some challenges in applying CNN
to radiological tasks, since 2009, Banumathi et al'® have
aimed to develop an algorithm with radial basis func-
tion neural network to diagnose and measure severity of
dental cysts with high classification accuracy in dental
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radiographies, based on gray level properties, circu-
larity and area. While still an incipient method, they
concluded that it provided a clear idea to perform an
accurate diagnosis of the lesion. Then, further studies
on the advantages and limitations of CNN are essential
to leverage its potential in diagnostic radiology, with the
goal of augmenting the performance of radiologists and
improving patient care.

One final aspect that should be addressed is the
quality of evidence evaluated using the GRADE tool,*
which was rated as low (Table 5). The first reason that
contributes to this rating is the methodological model
presented by the studies, which justifies the decrease in
one level. In addition, heterogeneity between studies was
responsible for the decrease in one more level, and this
is justified by the different methods of lesion segmen-
tation applied by them, and the variety of lesions that
were assessed. Future studies are encouraged, with well-
designed methodologies, including standardized and
reproducible methods of segmentation and analysis.
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Conclusion

All individual studies selected for this systematic review
suggested the great potential of CAD system for accu-
rately classifying radiolucent maxillofacial lesions,
compared to the histological biopsy diagnosis. However,
due to the low certainty of evidence found among the
studies included in this meta-analysis, a pragmatic
recommendation about its use is not possible. Further
standardized studies are needed to increase the strength
of evidence and to confirm the accuracy of computer-
assisted analysis for diagnosing maxillofacial lesions.
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