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RESUMO 

A osteoartrite (OA) é a forma mais comum das artrites. Na articulação 
temporomandibular (ATM) ela se destaca por causar degeneração da cartilagem de 
forma progressiva, remodelação do tecido ósseo condilar, quadros agudos e 
crônicos de dor. Atualmente, o diagnóstico da OA na ATM vem se tornando mais 
preciso, devido ao desenvolvimento de novas tecnologias, exames por imagem 
como a tomografia computadorizada de feixe cônico (TCFC) de alta resolução, 
análises computacionais e inteligência artificial. Dessa forma, esse trabalho teve 
como principal objetivo avaliar possíveis novos biomarcadores para a OA utilizando 
marcadores clínicos, por imagem e biomoleculares. Os objetivos secundários foram 
de comparar diferentes softwares para análises dos marcadores por imagem; avaliar 
o poder de diagnóstico desses marcadores; e por fim, desenvolver um modelo 
integrativo utilizando inteligência artificial, dados clínicos, biomoleculares e por 
imagem para o diagnóstico da OA na ATM. Como metodologia, foram desenvolvidos 
3 artigos científicos, apresentados em sequência nessa tese. Nossa amostra foi 
composta por pacientes com diagnóstico clínico de OA na ATM e pacientes 
controles, sendo que foram coletados exames de TCFC, sangue, saliva e dados 
clínicos. Nossos resultados mostraram que o software desenvolvido pelo nosso 
grupo para análises das imagens é confiável e que os novos marcadores por 
imagens são capazes de diferenciar pacientes controles e com OA. Também 
demonstramos que nosso modelo estatístico integrativo de marcadores clínicos, 
biomoleculares, por imagem e inteligência artificial é capaz de diagnosticar a doença 
com acurácia de 0.837 ([0.761,0.902]). Por fim, nossos resultados sugerem que 
diferentes biomarcadores e uma integração estatística e computacional dos dados 
podem diagnosticar a doença e que estudos futuros devem ser realizados a fim de 
avaliar o comportamento das variáveis em relação a predição da AO na ATM. 
 
 
Palavras chave: Osteoartrite. Tomografia Computadorizada de Feixe Cônico. 
Biomarcadores. 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

Bianchi J. Temporomandibular joint osteoarthritis: integrative analysis of clinical, 
biomolecular and imaging markers [tese de doutorado]. Araraquara: Faculdade de 
Odontologia da UNESP; 2019. 
 

 

ABSTRACT 
Osteoarthritis (OA) is the most common form of arthritis. In the temporomandibular 
joint (TMJ) it stands out for causing progressive cartilage degeneration, condylar 
bone tissue remodeling, acute and chronic pain. Nowadays, the TMJ OA diagnosis is 
improved by the development of new technologies and imaging exams such as high-
resolution cone beam computed tomography (CBCT), advanced computational 
analysis and artificial intelligence. Thus, this study aimed to evaluate possible new 
biomarkers for OA using clinical, imaging and biomolecular markers. The secondary 
objectives were to compare different software for image marker analysis; evaluate 
the diagnostic power of these markers; and finally, to develop an integrative model 
using artificial intelligence, clinical, biomolecular and imaging markers for the 
diagnosis of TMJ OA. As methodology, 3 papers were developed, presented in 
sequence in this thesis. The sample consisted of patients with clinical diagnosis of 
TMJ OA and control patients. CBCT, blood, saliva and clinical data were collected. 
Our results showed that the software developed by our group for image analysis is 
reliable and that the new imaging markers can differentiate controls and OA patients. 
We also demonstrate that our integrative statistical model of clinical, biomolecular, 
imaging markers and artificial intelligence can diagnose the disease with an accuracy 
of 0.837 ([0.761.0.902]). Finally, our results suggest that different biomarkers and a 
statistical and computational integration of the data can diagnose the disease and 
future studies should be performed in order to evaluate the behavior of the variables 
regarding the prediction of OA in the TMJ. 
 

 

Keywords:  Osteoarthritis. Cone-Beam Computed Tomography. Biomarkers. 
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1 INTRODUÇÃO 

 

 A osteoartrite (OA) é a forma mais comum das artrites. Seu ciclo natural de 

desenvolvimento leva à degeneração dos tecidos musculoesqueléticos e é 

considerada um problema de saúde mundial1. Acomete grande parte da população, 

sendo que na Europa uma prótese substitui uma articulação a cada 1.5 minutos e 

nos Estados Unidos a cada 1 minuto2.  Dentre os diferentes sítios de acometimento 

da doença, a osteoartrite na articulação temporomandibular (ATM) se destaca por 

causar degeneração da cartilagem de forma progressiva, remodelação do tecido 

ósseo condilar, quadros agudos e crônicos de dor além de representar 42.6% dos 

desarranjos internos da ATM3–5.  

Esse processo se desenvolve quando há um desequilíbrio na fisiologia 

funcional da ATM, sendo o resultado da diminuição na capacidade adaptativa devido 

a diferentes formas de estresses, como as sobrecargas funcionais, deslocamento do 

disco articular, mediadores inflamatórios e aumento da fricção mecânica, podendo 

agir juntos na progressão das degenerações teciduais na OA6,7.  Também ocorre 

uma interação dos mediadores bioquímicos, que induzem localmente e 

sistematicamente a liberação de moléculas como fatores de crescimento, radicais 

livres, metaloproteinases, citocinas pró inflamatórias e interleucinas.  A etiologia é 

multifatorial, complexa e não totalmente elucidada na literatura, considerando que a 

idade, genética, fatores hormonais, gênero e traumas podem estar envolvidos5,8,9. 

Além disso, os sinais e sintomas para diagnóstico não são detectados 

precocemente, sendo que geralmente a doença se encontra em um estágio tardio de 

desenvolvimento, prejudicando a possibilidade de tratamentos conservadores.  

A OA não possui um único biomarcador para diagnóstico e diferentes 

protocolos/exames são necessários para avaliar as condições dos tecidos. Dentre 

esses, a ressonância magnética (MRI) auxilia no diagnóstico da condição dos 

tecidos moles, permite a caracterização da morfologia e atividade metabólica, sendo 

utilizada até mesmo para acompanhamento da evolução natural da doença3,10. 

Porém, nesse exame, não é possível avaliar com qualidade as características do 

tecido ósseo, como os côndilos. Preenchendo essa lacuna, existe o exame de 

tomografia computadorizada de feixe cônico (TCFC). Este, em comparação com a 

tomografia médica emite menor radiação, e mesmo tendo uma resolução de 
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contraste inferior é um dos exames de escolha quando existe a necessidade do 

diagnóstico complementar da ATM11,12.  

Dessa forma, o diagnóstico precoce da OA é grande desafio clínico e 

científico, tornando-se o foco de pesquisadores no mundo todo. Cevidanes e 

colabores desenvolveram uma forma padronizada para avaliação computacional da 

morfologia condilar em pacientes com osteoartrite na ATM, por meio da 

correspondência de forma (SPHARM-PDM) no software 3D-Slicer13,14. 

Recentemente, esses pesquisadores avaliaram e caracterizaram as diferenças 

morfológicas dos côndilos com osteoartrite e saudáveis, em busca de um novo 

conjunto de biomarcadores por imagens ósseas e biomoleculares com base no 

sistema BIPED15. Foram observadas correlações em diferentes regiões de 

remodelação óssea na superfície condilar com o envolvimento de alguns mediadores 

moleculares no diagnóstico inicial da OA. O grupo também desenvolveu um índice 

de osteoartrite para o diagnóstico preliminar com base na morfologia da superfície 

condilar.  

Mesmo com esses resultados promissores, ainda é necessário investigar 

detalhadamente os processos dinâmicos que ocorrem nos tecidos da ATM com 

osteoartrite. Dessa forma, além das caracterizações das mudanças morfológicas 

superficiais, as análises do tecido ósseo subcondral têm um papel importante no 

diagnóstico, desenvolvimento e progressão da OA16. Estudos tem demonstrado que 

esse tecido possui uma íntima relação com a articulação, sendo considerado uma 

estrutura dinâmica que responde biomecânicamente e molecularmente aos 

estímulos sofridos por meio da remodelação da microarquitetura óssea e liberação 

de mediadores bioquímicos16–18. Trabalhos recentes têm avaliado o tecido ósseo 

subcondral bidimensionalmente e tridimensionalmente por meio de tomografia 

computadorizada (TC)19,20, entretanto esses estudos não precisam com exatidão a 

microarquitetura óssea, pois geralmente avaliam aspectos como a densidade e 

volume ósseo. 

 Atualmente, com o surgimento do tomógrafo computadorizado de feixe 

cônico de alta resolução (HR-TCFC) e a aplicação de metodologias avançadas 

computacionais no campo médico, é possível atingir novos desafios clínicos no 

campo do diagnóstico precoce. A possibilidade de coordenar e investigar os eventos 

que precedem as degenerações severas musculoesqueléticas na ATM 

potencializam as chances de identificar pacientes de risco a esse quadro. Sendo 
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assim, a hipótese principal desse estudo é de que as características ósseas 

tridimensionais condilares diferem entre os pacientes saudáveis e portadores de 

osteoartrite e que essas alterações precedem as alterações degenerativas da 

história natural da doença. Diante do fluxo intenso de informações21, aquisição de 

dados de pacientes e constante evolução de algoritmos computacionais22, existe 

uma necessidade de trabalho conjunto com profissionais de diferentes áreas, 

incluindo engenharia, matemática, saúde e outros. Nessa necessidade o termo data 

science23 refere-se a um conjunto de procedimentos, voltados para a aquisição, 

gerenciamento, manutenção e análise de informações. Nos campos de aquisição, 

geralmente os profissionais de saúde são responsáveis por adquirir as informações, 

enquanto etapas mais avançadas, requerem pesquisas e desenvolvimento de web-

systems, algoritmos de machine-learning (inteligência artificial), voltados um 

diagnóstico e tratamento específico para cada paciente24. 

Nesse trabalho, utilizamos informações clínicas25, de imagens3,26 e 

biomoleculares de sujeitos controle e pacientes com TMJ OA para a análise e 

desenvolvimento de metodologias computacionais voltadas para o diagnóstico da 

OA. Foram avaliadas as características ósseas da microarquitetura textural 

subcondral, proteínas por meio de protocolos padronizados em sangue e saliva, 

sinais e sintomas clínicos, a fim de obter-se novos modelos computacionais e 

estatísticos para auxiliar na criação de ferramentas e diagnóstico da osteoartrite na 

ATM. 
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2 OBJETIVO 

Investigar novos biomarcadores e desenvolver modelos estatísticos para o 

diagnóstico da Osteoartrite na Articulação Temporomandibular baseado na 

integração de informações clínicas, por imagem e biomoleculares.  

 

2.1 Objetivos Específicos 

Avaliar diferentes softwares para análise da textura óssea subcondral em 

imagens de tomografia computadorizada de alta resolução. 

Avaliar a performance de diagnóstico de novos marcadores por imagem em 

côndilos com AO na ATM e saudáveis, em diferentes regiões subcondrais. 

Desenvolver utilizando inteligência artificial modelos para o diagnóstico da OA 

na ATM com base na correlação e integração entre os dados clínicos, marcadores 

ósseos texturais subcondrais, e proteínas em sangue e saliva.  
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3 PUBLICAÇÕES 

 
Essa tese é apresentada no formato de 3 artigos, sendo eles:  

1) Software comparison to analyze bone radiomics from high resolution CBCT 

scans of mandibular condyles – Publicado na revista Dentomaxillofacial Radiology. 

2) Quantitative Bone Imaging Biomarkers to Diagnose Temporomandibular 

Joint Osteoarthritis – Em revisão na revista Dentomaxillofacial Radiology 

3) Osteoarthritis of the Temporomandibular Joint can be diagnosed earlier 

using biomarkers and machine learning – Em submissão para a revista Nature 

Communications. 
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3.1 Publicação 1 
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of Dentistry, SP, Brazil. 
 
3- Kitware, Inc., Carrboro, NC, USA 
 
4- Department of Periodontics and Oral Medicine, School of Dentistry, University 
of Michigan, Ann Arbor, MI, USA. 
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Software Comparison to Analyze Bone Radiomics from high resolution CBCT scans 
of mandibular condyles. 
 
 
ABSTRACT 
 
Objectives: Radiomics refers to the extraction and analysis of advanced quantitative 
imaging from medical images to diagnose and/or predict diseases. In the dentistry 
field, the bone data from mandibular condyles could be computationally analyzed 
using the voxel information provided by high-resolution CBCT scans to increase the 
diagnostic power of temporomandibular joint (TMJ) conditions. However, such 
quantitative information demands innovative computational software, algorithm 
implementation, and validation. Our study aim was to compare a newly developed 
BoneTexture application to two-consolidated software with previous applications in 
the medical field, Ibex and BoneJ, to extract bone morphometric and textural features 
from mandibular condyles. 
 
Methods: We used an imaging database of hr-CBCT TMJs scans with an isotropic 
voxel size of 0.08 mm3. A single group with sixty-six distinct mandibular condyles 
composed the final sample. We calculated eighteen variables for bone textural 
features and five for bone morphometric measurements using the Ibex, BoneJ and 
Bone Texture applications. Spearman correlation and Bland-Altman plot analyses 
were done to compare the agreement among software. 
 
Results: The results showed a high Spearman correlation among the software 
applications (r= 0.7 to 1), with statistical significance for all variables, except Grey 
Level Non Uniformity and Short Run Emphasis. The Bland-Altman vertical axis 
showed, in general, good agreement between the software applications and the 
horizontal axis showed a narrow average distribution for Correlation, Long Run 
Emphasis and Long Run High Grey Level Emphasis. 
 
Conclusions: Our data showed consistency among the three applications to analyze 
bone radiomics in high-resolution CBCT. Further studies are necessary to evaluate 
the applicability of those variables as new bone imaging biomarkers to diagnose 
bone diseases affecting TMJs. 
 
Keywords: Cone-Beam Computed Tomography; Temporomandibular Joint Disorders; 
Software Validation; Tomography, X-Ray Computed; 
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INTRODUCTION 
 

Quantitative imaging of mandibular condyles using Cone-beam Computed 

Tomography (CBCT) is being developed in Oral and Maxillofacial Radiology 

research.1,2 Widespread incorporation of radiomics, that means, extracting 

quantitative information from medical images by converting them into minable high-

dimensional data, will provide more accurate biological and clinical correlations as 

well as prognostic value.3 The data provided has the potential to change clinical 

practice from a qualitative analysis of imaging features to a more dynamic, spatial, 

and phenotypical characterization of suspected lesions. There is a need for studies of 

diagnostic methodologies to better classify the imaging findings and the discovery of 

new biomarkers, that were discussed in different imaging sources such as MR, PET 

and CT.4–8 

The High Resolution CBCT (hr-CBCT) is a new modality that provides more 

information and better spatial resolution. Increasing the amount of acquired voxels 

provides flexibility for the selection of smaller field of views with higher spatial 

resolution while following the ALARA/ALADA principle.9,10 Hr-CBCT also facilitates 

the analysis of different bone parameters such as bone morphometry and textural 

features that were only possible using micro-CT, being a promising tool for the 

analysis of new bone-imaging biomarkers and its applications are promising.11,12 The 

applicability of these new biomarkers may directly impact health and disease 

diagnosis in future studies; however, the computational data extraction depends on 

precise software and biomarkers validation. Cancer studies have pointed out the role 

of radiomics in early disease prediction, and bone conditions, such as osteoarthritis, 

demand an early diagnose in order to reduce the chronic musculoskeletal damage 

that is usually detected just in late stages.3,13–15 

For imaging data extraction, different software applications have been 

developed to improve the radiomics approaches and selection of significant imaging 

features. Ibex16 (open-source software) and BoneJ17 (application of Fiji software18) 

are examples of open-source methods; however, the software user interfaces are still 

complex and the applications are not specific to CBCT image. To simplify those 

approaches, Vimort et al.,19 implemented a new application in the software 3D-Slicer 

(https://www.slicer.org) called BoneTexture.20 The software has a user-friendly 



19 

 

interface and validation of ex-vivo computed tomography imaging has been 

performed.1,2,12 

Due to the software applications complexity, algorithms implementation and 

data interpretation, a comparison of the available computational sources is needed 

before applying such tools for clinical decision-making. Thus, the aim of this study 

was to compare three software applications: BoneTexture, Ibex and BoneJ for 

analysis of eighteen bone texture features and five bone morphometric variables from 

sixty-six condyles. We hypothesized that there are no differences among the 

variables using the three software applications. 

 

 
MATERIALS AND METHODS 

Study Sample 

This study was a secondary data analysis approved by the Institutional Review 

Board. One group composed our sample, obtained from a database with 34 patients, 

totalizing 68 hr- CBCT mandibular condyles scans. After outlier analysis, 2 condyles 

were excluded, (the values differed in three S.D from the 95% C.I), resulting in a 

single group with 66 condyles. 

 

Sample Characteristics 

We aimed to test the agreement and performance of different software to 

extract bone textural features in a single group with a sample containing real clinical 

data. Towards this aim, 17 of our subjects had clinical diagnosis of TMJ- OA 

(RDC/TMD clinical criteria)13 and 17 were healthy. The goal was not to compare 

different conditions (disease x healthy) but to have both situations represented in our 

sample. 

  

Imaging Acquisition 

The hr-CBCT scans contained in the database were acquired in a 3D 

Accuitomo (J. Morita MFG. CORP Tokyo, Japan), according to the following TMJ 

acquisition protocol: FOV 40x40 mm; 90 kV, 5 mA and 30.8 s and a voxel size of 

0.08 mm3 at the University of Michigan – School of Dentistry. 

 

Image Pre-processing 
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For image and variable standardization each hr-CBCT DICOM volume was 

cropped into a small RoI grayscale sample of 50x50x50 slices (voxel size of 0.08 

mm3) using the module “Crop-Volume” of the 3D-Slicer Software and saved as a 

single image volume (.dcm). Additionally, the RoI spatial position was kept to contain 

the trabecular/cortical condyle bone without extrapolated the condyle boundaries 

(Figure 1). Others image-processing steps were necessary in order to comply with 

specific software input file needs as explained in the next sub-sections. 

 

 

 

Figure 1 – Computational Image processing and sample preparation. A) 3D condyle rendering and its 
RoI in the center; B) Original grayscale hr-CBCT in the sagittal slice showing the limits of the RoI; C) 
RoI - 3D Rendering; D) RoI grayscale volume used to compute GLCM and GLRLM variables 
(50x50x50 slices); E) RoI after binary transformation using the median thresholding algorithm available 
in BoneJ. This binary image was used to compute bone morphometry. 

 

Image Processing for Bone Textural Features 

The Ibex16 software requires a Region of Interest (RoI) segmentation in 

addition to the 50x50x50 slices grayscale samples. The itk-SNAP21 software was 

used to create, select and export an annotation RoI (segmentation) as a single image 

volume, with the same volume and size for each sample. Then, the grayscale 

samples and their annotations were converted back into DICOM format using the 3D-

Slicer. The files were loaded in the Ibex and BoneTexture applications in order to 

compute bone texture and bone morphometry features (Figure 2). Eighteen variables 

were divided in two main subgroups: 1) Grey-level Co-occurrence Matrix (GLCM)22 
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and 2) Grey-level Run Length matrix (GLRLM).23,24 The first group Grey-level Co-

occurrence Matrix (GLCM) gives values for the distribution of co-occurring pixel 

values and includes: Energy, Entropy, Correlation, Inverse Difference Moment, 

Inertia, Cluster Shade, Cluster Prominence and Haralick Correlation. The second 

group, Grey-level Run Length matrix (GLRLM),23,24 gives the size of homogeneous 

runs for each grey level and includes: Short Run Emphasis, Long Run Emphasis, 

Grey Level Non Uniformity, Run Length Non Uniformity, Low Grey Level Run 

Emphasis, High Grey Level Run Emphasis, Short Run Low Grey Level Emphasis, 

Short Run High Grey Level Emphasis, Long Run Low Grey Level Emphasis and 

Long Run High Grey Level Emphasis. 

 
Figure 2 – Computational workflow; A) RoI cropping (50x50x50 slices) from each condyle. B) 
Annotation (segmentation) process of the RoI using ITK-snap and 3D- Slicer. This additional step was 
necessary to comply with Ibex requisites; C) BoneTexture computation of the GLCM and GLRLM 
variables; D) Ibex computation for GLCM and GLRLM variables. This step demands the annotation in 
addition to the RoI; E) RoI binary conversion using the BoneJ plugin; F) Input of the binary RoIs in the 
BoneJ and BoneTexture to compute the bone morphometry variables. 

 

Image Processing for Bone Morphometry Variables 

Initially the 50x50x50 slices grayscale volume samples were converted into a 

binary image using the BoneJ Application18 tool called “median thresholding” and 

were then exported as Tagged Image File Format (tiff). These images were imported 

to the BoneJ application and BoneTexture for bone morphometry analysis (Figure 2). 

The following variables were examined: Trabecular Thickness (Tb.Th), trabecular 
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separation (Tb.Sp), trabecular number (Tb.N), Bone Volume per Total Volume 

(BV/TV) and Bone Surface per Bone Volume (BS/BV).11,25 The values of Tb.N for the 

BoneJ software were obtained using the formula: Tb.N=(BV/TV)/Tb.Th, since this 

parameter is not explicitly computed in BoneJ. 

 

Software Parameters 

We have based our parameters in an optimized protocol described by 

BoneTexture developers.20 The values used in BoneTexture to computed GLRLM 

variables were: number of bins: 10; Voxel Intensity Range: min -250 /max 4000; 

Distance range: min 0 / max 1 and Neighborhood Radius: 4. For GLCM: Number of 

bins: 10; Voxel Intensity Range: min -250 / max 4000 and Neighborhood Radius: 4 

For the Ibex software, GLCM values were: direction= 0, 45, 90, 135, 180, 225, 270 

and 315; AdaptLimitLevel=0; GrayLimits=-250 / 2100; NumLevels=10; Offset=1; and 

Symmetric=0. For the GLRLM: Direction = 0, 45, 90, 135, 180, 225, 270, 315; 

GrayLimits=-250 / 4000; NumLevels=10. Those parameters are sensitive to small 

changes and different software do not ask for the same inputs. In addition, for Ibex, 

the average of each direction was computed to have one value per variable and for 

the BoneTexture one final value is given. No filters were applied to analyze the 

GLCM and GLRM variables. 

  

Variables Description 

An explanation and description of each textural features and bone morphometry are 

presented in Table 1 
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Table 1- Description of the variables for bone morphometry and bone textural features. 

 

 

Statistical Analysis 

A single examiner performed the study and, as the software applications 

automatically calculated the values, the inter examiner reproducibility was not 

assessed. The variables presented a non-normal distribution after analysis of the 

kurtosis and symmetry. Thus, the Spearman correlation test was used to evaluate the 

correlation among all the variables between the software. Due to the complex 

algorithms nature, language programming and differences in the scales of the 

software, normalization of the data was necessary prior to descriptive statistics and 
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Bland-Altman  analysis.26,27  The  normalization  formula  was:  Xi=(x-x̄ )/S  where 

Xi=new value, x=original value, x̄ =average of the values and  S= standard deviation. 

 

RESULTS 

Table 2 shows the descriptive statistics for the normalized values for each 

variable and software compared. As expected, the average is close to 0 and the 

standard deviation close to 1 for all variables with different variation of the confidence 

interval ranges.  

 

Table 2- Descriptive statistics for each variable and respective software. 

 

 

High Spearman correlations (r= 0.7 to 1) among the different software 

applications are shown in Table 3. The only variables that did not show a significant 

correlation were ShortRunEmphasis and GreyLevelNonUniformity. The variables: 

Correlation, Long Run Emphasis and Long Run High Grey Level Emphasis showed 

statistically significance but negative correlation, suggesting that the applications 

used different mathematical approach’s to obtain these values. 

 

 BONETEXTURE APPLICATION  BONEJ APPLICATION 

Variables (n=66) 95% C.I  95% C.I 

 Mean Min Max SD Mean Min Max SD 

BV/TV (%) -0.01 -3.15 3.22 1.01 -0.01 -3.15 3.21 1.01 

Tb.Th (mm) -0.03 -1.62 4 0.98 -0.01 -1.4 3.04 1.01 

Tb.Sp (mm) -0.01 -1.75 3.58 1.01 -0.02 -2.04 2.74 0.99 

Tb.N (mm-1) 0.02 -2.44 3.08 0.99 0 -2.22 2.02 1.01 

BS/BV (mm-1) 0.03 -3.19 2.41 0.98 0.03 -3.05 3.56 0.98 

BONETEXTURE APPLICATION IBEX APPLICATION 

GLRLM_ShortRunEmphasis -0.07 -2.66 1.53 0.93  0.06 -1.48 2.53 0.87 

GLRLM_LongRunEmphasis 0.07 -1.53 2.66 0.93  -0.11 -0.9 2.38 0.61 

GLRLM_GreyLevelNonUniformity 0.04 -1.58 2.45 0.86  0.06 -2.88 1.86 0.93 

GLRLM_RunLengthNonUniformity 0.07 -1.63 3.13 0.92  0.07 -2.07 2.93 0.93 

GLRLM_LowGreyLevelRunEmphasis -0.02 -2.75 1.72 1.01  -0.03 -2.47 2.72 0.97 

GLRLM_HighGreyLevelRunEmphasis 0.03 -1.43 3.56 1  0.03 -2.02 3.66 0.98 

GLRLM_ShortRunLowGreyLevelEmphasis -0.02 -2.74 1.68 1.01  -0.01 -1.6 2.36 0.91 

GLRLM_ShortRunHighGreyLevelEmphasis 0.03 -1.45 3.56 1  0.06 -1.49 2.92 0.96 

GLRLM_LongRunLowGreyLevelEmphasis -0.01 -2.79 1.92 1.01  -0.11 -1.05 2.34 0.64 

GLRLM_LongRunHighGreyLevelEmphasis 0.03 -1.36 3.54 0.99  -0.12 -0.85 2.38 0.57 

GLCM_Energy -0.08 -1.61 2.17 0.87  -0.06 -1.75 2.3 0.91 

GLCM_Entropy 0.07 -1.6 1.95 0.92  0.06 -1.89 2.02 0.93 

GLCM_Correlation -0.11 -1.25 1.56 0.69  0.02 -1.83 1.86 0.99 

GLCM_InverseDifferenceMoment -0.09 -2.28 1.9 0.84  -0.09 -2.12 2.34 0.87 

GLCM_Inertia 0.09 -1.9 2.28 0.84  0.09 -2.34 2.12 0.87 

GLCM_ClusterShade 0.02 -1.7 4.16 1.01  0.02 -2.83 4.01 1.01 

GLCM_ClusterProminence 0.02 -0.81 4.5 1.01  0.02 -0.8 4.2 1.01 

GLCM_HaralickCorrelation 0.02 -0.79 5.15 1.01  0.02 -1.53 4.05 1.00 

C.I: Confidence Interval; SD: Standard Deviation;          
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Table 3- Spearman correlation among the BoneTexture, Ibex and BoneJ applications. 

Variables (n=66) r value p value 

BV/TV* 1 <0.001 

Tb.Th* 0.620 <0.001 

Tb.Sp* 0.853 <0.001 

BS/BV* 0.974 <0.001 

Tb.N* 0.891 <0.001 

GLCM_Energy** 0.603 <0.001 

GLCM_Entropy** 0.857 <0.001 

GLCM_Correlation** -0.835 <0.001 

GLCM_InverseDifferenceMoment** 0.755 <0.001 

GLCM_Inertia** 0.747 <0.001 

GLCM_ClusterShade** 0.747 <0.001 

GLCM_ClusterProminence** 0.796 <0.001 

GLCM_HaralickCorrelation** 0.896 <0.001 

GLRLM_ShortRunEmphasis** -0.230 0.060 

GLRLM_LongRunEmphasis** -0.882 <0.001 

GLRLM_GreyLevelNonUniformity** -0.061 0.627 

GLRLM_RunLengthNonUniformity** 0.855 <0.001 

GLRLM_LowGreyLevelRunEmphasis** 0.734 <0.001 

GLRLM_HighGreyLevelRunEmphasis** 0.925 <0.001 

GLRLM_ShortRunLowGreyLevelEmphasis** 0.482 <0.001 

GLRLM_ShortRunHighGreyLevelEmphasis** 0.770 <0.001 

GLRLM_LongRunLowGreyLevelEmphasis** 0.762 <0.001 
GLRLM_LongRunHighGreyLevelEmphasis** -0.499 <0.001 

α = 95% and 2-tailed p value; p<0.001 statistically significant 
*Comparison between BoneTexture and Ibex 
**Comparison between BoneTexture and BoneJ 

 

The Bland-Altman plots for comparison among software applications show a 

good agreement (vertical axis) between each software applications for all of the 

features as shown in the Figures 3, 4 and 5 with most values within the confidence 

interval. The horizontal dots distribution (horizontal axis) represent the average for 

each sample computed by the software applications. A larger distribution is seen for 

BV/TV, Tb.Th, Tb.Sp, Tb.N (Fig. 3: A to E); GLCM: Energy, Entropy, 

InverseDifferenceMoment, Inertia, ClusterShade, ClusterProminence, 

HaralickCorrelation (Figure 4: A, B, D, E, F, G and H) and GLRLM: 

ShortRunEmphasis, GreylevelNonUniformity, RunLenghtNonUniformity, 

LowGreyLevelRunEmphasis, HighGreyLevelRunEmphasis, 

ShortRunLowGreyLevelEmphasis, ShortRunHighGreyLevelEmphasis and 

LongRunLowGreyLevelEmphasis (Figure 5: A, C, D, E, F, G, H and I). On the other 

hand, the variables that did not presented such distinction between the sample 

averages (horizontal axis) were: Correlation for GLCM (Figure 4 - C) and for GLRLM: 

LongRunEmphasis and LongRunHighGreyLevelEmphasis (Figure 5: B and J). 
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Figure 3 – Bland-Altman analysis of bone features between BoneTexture and BoneJ applications. The 
normalized values were used to compare. 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4 – Bland-Altman analysis of GLCM features between BoneTexture and Ibex applications. The 
normalized values were used to compare. 
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Figure 5 – Bland-Altman analysis of GLRLM features between BoneTexture and Ibex applications. 
The normalized values were used to compare. 

 

 

DISCUSSION 

The textural features described in this paper have been widely investigated in 

computed-medical research. Quantitative information extracted from volumetric 

images (CT and MRI) in cancer research have improved the integration of imaging, 

clinical and genomic features.16,28,29 In bone research, the big challenge is to discover 

specific imaging biomarkers that identify earlier stages and/or predict progression of 

bone diseases. Caramella et al.,30 demonstrated that caution should be taken when 

analyzing grey-level textures in CT images, mainly due to the differences in image 

acquisition protocols and reconstruction algorithms. The present study has 

standardized these variables and tested only the effects and differences among the 

three software applications. We focused on previously published textural features 

such as GLRLM and GLCM, due to their nature in identifying grey-level 

patterns22,23,26,31–33 and morphometric bone features.11,25 Our results aid the choice of 

a precise software to assess bone imaging markers, the selection of the best imaging 

bone biomarkers and evaluate the software parameters, demonstrating the potential 

applicability of the evaluated software as a method for future bone studies. 
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Recent studies by Paniagua et al.,12 and Vimort et al.,19 showed that GLCM 

and GLRLM textural features are potential diagnostic markers of TMJ OA. However, 

those studies focused on methodological developments of a novel software 

application called BoneTexture. This software is based on the implementation of ITK 

features, such as fast neighborhood operators, re-use of intermediate computations, 

and minimization of memory use. These feature computations are n-dimensional.20 

Our study showed the correlation and agreement of BoneTexture with two other 

software applications previously applied in the medical field: Ibex and BoneJ.16 The 

spearman correlation (Table 3) showed a high and significant correlation for Bone 

Morphometry and all the GLCM features, except for two GLRLM variables: 

GreyLevelNonUniformity (p=0.627) and ShortRunEmphasis (p=0.06). However,

 the negative correlation between BoneTexture and Ibex values for 

Correlation, Long Run Emphasis and Long Run High Grey Level Emphasis suggests 

that the applications might use different mathematical approach’s to obtain these 

values. For this reason, further studies should have caution when evaluating these 

biomarkers using BoneTexture or Ibex. Since the algorithms` implementation 

demands different computational mathematical libraries and language programming, 

the results obtained within software differed in terms of scale. For this reason, the 

results were normalized before the Bland-Altman and descriptive analyses. For the 

Bland-Altman plots (Fig. 3 to 5), the closer the distribution to the horizontal median 

line, the better the agreement between the software. The distribution in the horizontal 

axis shows the variability in the sample average.26,27 This variability is expected since 

the sample included 66 different RoIs from human mandibular condyles. In addition, 

to better understand the confidence interval for Bland-Altman, a direct comparison 

with the individual confidence interval values (Table 2) makes necessary. As 

observed, the limits of agreement in Bland-Altman (Fig. 3) for Bone morphometric 

features were larger than each software’s 95% confidence interval (C.I) as shown in 

Table 2. For GLCM features (Fig. 4), the 95% CIs in Table 2 were larger than the 

limits of agreement in the Bland-Altman for almost all the variables tested, except for 

the variable Correlation. On the other hand, the limits of agreement for GLRLM 

features (Fig. 5) presented wider deviation in comparison to the 95% confidence 

intervals shown in Table 2. The 6 variables, with narrower confidence intervals

 were: RunLengthNonUniformity, LowGreyLevelRunEmphasis, 

HighGreyLevelRunEmphasis, ShortRunLowGreyLevelEmphasis, 
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ShortRunHighGreyLevelEmphasis and LongRunLowGreyLevelEmphasis. Those 

results suggest that the GLRLM features are more affected by the software choice. 

The variables, Short Run Emphasis, Long Run Emphasis, Grey Level Non Uniformity 

and Long Run High Grey Level Emphasis, presented a wider C.I and should be 

further investigated in next studies, focusing on how much the software settings and 

parameters could affect the results. 

Additionally, Ebrahim et al.,1 showed that the measurements of Bone 

morphometry are suitable bone imaging biomarker. They compared the histological 

findings with biomarkers from CBCT condyles and found that the GLRLM and GLCM 

features not present a strong correlation with osteoclast number. This suggests that 

these biomarkers are mainly involved with other bone characteristics, such as: 3D 

morphology and grayscale organization, instead of a direct bone resorption 

response. Figure 6 displays a qualitative description of how complex the 

interpretation of GLCM and GLRM features could be in clinical research. The 

BoneTexture application was used to compute and display the 3 selected extreme 

cases from our sample. The observed results allow us to see how much each 

biomarker depends on the greylevel organization. A general good ability to 

differentiate the grayscale patterns is observed among the variables.  

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 6 – Computation of 3 selected extreme cases from our sample and the quantitative results for 
our proposed biomarkers using the BoneTexture application with the parameters described in this 

paper. 
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Future studies, with larger samples for adequate power of statistical analysis, 

are needed to determine the applicability of these biomarkers to diagnose and/or 

predict progression of bone diseases in longitudinal assessments. Prior to testing the 

sensitivity and specificity of these surrogate biomarkers to diagnose condylar health 

and disease, future investigations will require radiology experts and clinical 

interpretation as gold standard references, as well as standardization of other image 

processing procedures not tested in the present study, such as segmentation and 

selection of the same region of interest among the subjects, avoiding bias due to the 

RoI selection. In summary, we showed the applicability and agreement among 3 

different software applications to assess bone textural features and morphometry; 

additional studies are necessary to elucidate the clinical significance of these 

variables 

 

CONCLUSION 

The BoneTexture application computed textural features and bone 

morphometry measurements with good agreement and high correlations compared to 

the BoneJ and Ibex applications. Further studies using hr-CBCT must be conducted 

to describe the applicability of these textural features to diagnose health and disease 

in mandibular condyles. 
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Quantitative Bone Imaging Biomarkers to Diagnose Temporomandibular Joint 
Osteoarthritis. 
 

ABSTRACT  

 

Objectives: To determine the diagnostic performance of quantitative bone texture 

imaging biomarkers for diagnosis of temporomandibular joint (TMJ) osteoarthritis 

(OA).  

 

Methods: This study prospectively collected high-resolution TMJ CBCT images (0.08 

mm3 voxel size).  The sample consisted of two groups prospectively enrolled, Group 

TMJ OA: consisted of 51 patients with a clinical diagnosis of TMJ OA and Control 

Group: 43 asymptomatic subjects. Six regions of each mandibular condyle scan were 

extracted (lateral, medial, central, posterior, anterior and superior) for computation of 

five bone morphometric and eighteen grey level texture-based variables. The groups 

were compared using Mann-Whitney U test. To determine the diagnostic 

performance, we calculated the receiver operating characteristic (ROC) curve for 

each variable and for a predictive variable.  

 

Results: Thirteen variables in the lateral and ten variables in the central condylar 

regions showed statistically significant differences (p < 0.05) between the TMJ OA 

and Control groups. Those variables showed a ROC curve with the area under the 

curve (AUC) between 0.58 to 0.63 (p < 0.05) and the combined predictive variable 

showed an AUC of 0.74 (CI: 0.67 to 0.81; p < 0.01).  

 

Conclusions:  Our results showed statistically significant difference between Control 

and TMJ OA groups in the subchondral bone microstructure in the lateral and central 

condylar regions. Thirteen imaging bone biomarkers presented good diagnostic 

performance for diagnosis of TMJ OA indicating that the texture and geometry of the 

subchondral bone microarchitecture can be useful for quantitative grading of the 

disease  

 

Keywords: Cone-Beam Computed Tomography; Temporomandibular Joint 

Disorders; Osteoarthritis; Diagnostic Imaging; Biomarkers 
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INTRODUCTION 

 The most common joint disease is osteoarthritis (OA), affecting approximately 

10% of women and 18% of men over 60 years old around the world1. OA is a 

degenerative musculoskeletal disease and its natural cycle occurs mainly in three 

inflammatory stages: enzymatic, cartilaginous and bony changes. In 

temporomandibular joint (TMJ) osteoarthritis, the signs and symptoms include pain, 

continuous inflammatory process with articular cartilage degradation, cortical and 

trabecular bone resorption, sclerotic bone formation and synovial proliferation. 

Clinically, TMJ OA patients often present deficiency in the TMJ functions and facial 

asymmetry2,3.  

The clinical assessment is a non-invasive method indicated prior to imaging 

exams to diagnose TMJ conditions, as part of the standardized diagnostic criteria for 

temporomandibular disorders (TMD)4. Signs and symptoms may; however, manifest 

only at more advanced stages of the disease in which bone, cartilage, and articular 

disc alterations have irreversibly progressed. Complementary diagnostic exams, such 

as radiography and MRI5–7, continue to be extensively used, while advanced 

quantitative texture analysis of imaging data is becoming more popular.8 Machine 

learning methods have recently been applied to automatically segment joint 

structures and automatize quantitative imaging grading9,10. In light of these 

technological advances, image analysis workflows are needed for predictive models 

harnessing multi-modality, multiparametric and demographic data available.   

As a progressive degenerative joint disorder, OA has long been viewed as a 

primary disorder of articular cartilage. However, the microarchitecture of the 

subchondral bone has recently been reported to play a vital role in the pathogenesis 

of OA, as evidenced by initial changes in the subchondral bone organization11. Such 

diagnosis has been compromised by the absence of quantitative methodologies to 

analyze and extract bone texture information6,12. A relatively new high resolution low 

radiation cone beam computed tomography (hr-CBCT) facilitates the analysis of the 

bone morphometry microstructure and textural features that were previously only 

possible using micro-CT2,8,13–18. Selection of the most informative textural and 

morphometric subchondral bone features has the potential to change clinical practice 

from qualitative analysis to a more dynamic and phenotypical characterization of 

suspected lesions, using integrated textural biomarkers that combine subsets of 

collected patient data19,20. New software applications, with a friendly interface, can 
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now easily extract large amounts of quantitative features from hr-CBCT grayscale 

images21–24. Towards these promising methodologies, a paradigm shift in diagnosis 

is necessary, from the traditional radiologic assessments to integrative statistical 

models. Thus, diseases that have a silent onset, such as TMJ OA, may potentially be 

detected using non-invasive exams12,25–27.   

For these reasons, this study evaluated the diagnostic performance of 

quantitative bone texture and morphometry imaging biomarkers extracted from hr-

CBCT scans for the diagnosis of OA of the temporomandibular joint. The main 

objective was to investigate the ability of those biomarkers to differentiate control and 

TMJ OA patients. We hypothesized that there were significant differences between 

Control and TMJ OA groups in the condylar subchondral bone microstructure. The 

null hypothesis was that there were no differences between the tested imaging 

biomarkers in Control and OA Groups. 

 

MATERIALS AND METHODS 

This study followed the STROBE guidelines for observational studies28. 

Study Design and Participants 

This cross-sectional study was conducted at the University of Michigan, Ann 

Arbor – MI at the United States of the America, from January 2016 to December 

2018, and approved by the Institutional Review Board (HUM00105204 and 

HUM00113199). All the patients signed informed consent and agreed to participate in 

this study. The inclusion criteria for prospective data collection were: age between 21 

– 70 years old, no history of systemic diseases; no history of jaw joint trauma, 

surgery or recent jaw joint injections; no currency pregnancy and no congenital bone 

or cartilage disease. The patients were recruited by advertisement or personal 

interviews during the first appointment with a single temporomandibular disorders 

(TMD) specialist from the University of Michigan. A total of 94 patients were recruited, 

resulting in 188 mandibular condyles hr-CBCT scans. All subjects were clinically 

evaluated through the clinical symptoms using the Diagnostic Criteria for 

Temporomandibular Disorders (DC/TMD)29 and divided into two groups – Control 

Group (n=43 patients, 86 condyles ) and OA Group (n=51 patients, 102 condyles). 

However, in the control group, two subjects had one condyle excluded (resulting in 

84 condyles), and in the TMJ OA group, three patients had one condyle excluded 

(resulting in 99 condyles). The reasons for exclusion were to reduce possible bias 
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due to technical problems in the hr-CBCT image acquisition, imaging artifacts, 

presence of large alterations in the condylar surface and poor image quality. Control 

subjects should not have any history of clinical signs or symptoms of 

temporomandibular disorders evaluated using the (DC/TMD)29. To be included in the 

TMJ OA group, patients must present TMJ pain for less than 10 years and clinical 

symptoms, evaluated using the DC/TMD, including TMJ noise during movement or 

function in the last 30 days, and crepitus detected during mandible excursive 

movements29. A post-hoc statistical analysis to assess the sample power and effect 

size was done using the software G-Power (version 3.1.9; Franz Faul Universitat, 

Kiel, Germany).  The sample demographic distribution presented a similar age range, 

being 39.6 years ± 13.7SD for control and 40.9 years ±12.7SD for TMJ OA. However, 

both groups showed a higher number of women, corroborating with the literature30–32. 

 

Imaging Acquisition 

All hr-CBCT scans were acquired using the 3D Accuitomo (J. Morita MFG. 

CORP Tokyo, Japan) scanner.  The TMJ acquisition protocol used a field of view 

40x40 mm; 90 kVp, 5 mAs, scanning time of 30.8 s and a voxel size of 0.08 mm3 at 

the University of Michigan, School of Dentistry. The images were exported in DICOM 

(.dcm) format using the i-Dixel software (J. Morita MFG. CORP Tokyo, Japan). The 

images were de-identified and coded to avoid investigator bias. The limitation of the 

exposure to the smallest FOV possible is in accordance with the ALARA15 (As Low 

As Reasonably Achievable) principle and this radiation reduction to the patient, 

maintaining or even improving the level of precision and accuracy in the diagnosis, 

supports the concept “As Low As Diagnostically Acceptable” (ALADA)33. 

The CBCT acquired for research purposes involves radiation risks: The 

International Commission on Radiological Protection 2007 calculations estimates that 

effective adult doses from large FOV examinations are 114 µSv (per TMJ/ scan). 

This is equivalent to about 18 days of naturally occurring background dose. This is 

significantly less than the effective dose between 500 and 900 micro Sv for a spiral 

CT scan of the head, and is about the same as the 9 dental periapical x-rays, less 

than a chest x-ray. The researchers will try to minimize these risks by: the smallest 

FOV possible 4cm x 4cm and a lead apron will be used for all patients to cover the 

chest and the body region that contains the stomach, intestines, liver, and other 

organs. 
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Image Pre-Processing 

In order to standardize the grey level hr-CBCT images, a novel detailed pre-

processing protocol shown in Fig. 1 was used. Two imaging software were used: 3D-

Slicer34 (https://www.slicer.org) and the ITK-SNAP35. The common orientation of 

each 3D condyle mesh allowed standardized selection of the volumes of interests 

(VoIs). As each patient had a hr-CBCT scan taken in a different spatial position, we 

approximated the mandibular condyles in a common coordinate system for all 

subjects (Fig. 2). 

 

FIGURE 1 – Computational processing workflow. First, all the left hr-CBCT scans were mirrored to the 
right side using the “Transforms” tool in the 3D-slicer software. The next steps were as follows:  A) The 
3D-Slicer software was used to convert the original hr-CBCT files to a compressed format; B) The ITK-
Snap software was used to segment the entire condyle; C) 3D-Slicer converted the segmented 
condyle volume to a 3D-Surface; D) Using the “Transform” module in 3D-Slicer a spatial orientation for 
each condyle 3D model was made; E) The spatial orientation matrix created in the last step was 
applied to the condyle scan. Each condyle had its proper orientation according to its orientation matrix; 
F) Using the “Crop-Volume” tool six different regions of the condyle (Anterior, Posterior, Lateral, 
Medial, Superior and Central) were selected; G) Using the “BoneTexture” module in 3D slicer all the 
variables studied for each region of the condyle were computed. 
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FIGURE 2 – I) The “Transforms” tool of the 3D-Slicer software was used to standardize the spatial orientation 

of the 3D-Condyles. A) The condyle before the orientation; B) The condyle after the orientation. C) Example of 

8 condyles oriented. Reference lines (red, green and yellow) were used in the same spatial position for all 

condyles to allow a common spatial position for all condyles. In a lateral view, the yellow line was parallel to the 

condylar neck. In the posterior view, the red line connects the lateral and medial poles. In the superior view, the 

green line also connects the lateral and medial poles. II) Volume of Interest (VoI) extractions. After the spatial 

orientation, the “Crop-Volume” module in 3D-Slicer was used to generate the VoIs. A) Selection of the Anterior, 

Posterior and Superior VoIs. B) Selection of the Lateral, Medial and Central VoIs; C) Example of the anterior 

region containing the grayscale information of that volume of interest; D) 3D rendering to illustrate each VoI and 

the condylar region where its belong. The criteria for the boundaries were: Lateral, Medial, Posterior, Superior 

and Anterior VoIs – the rectangular prism starts in the most external condylar bone to the direction of the 

trabecular condyle center; Central: the cube was positioned in the central region of the trabecular bone. 

 

Volumes of Interest (VoI) 

Six different volumes of interest (VoIs) regions were selected and extracted 

using the “Crop-Volume” module of 3D-Slicer software (Fig. 1F). The VoIs were: 

Lateral, Medial, Posterior, Anterior, Superior and Central (Fig. 2). For the Lateral, 

Medial, Anterior, Superior and Posterior regions, the VoI had a rectangular prism 

shape and were cropped with 25 x 25 x 50 slices each and for the Central region had 

a cube shape with 25 X 25 X 25 slices.  

 

Bone Imaging Biomarkers (Variables) 

We evaluated a total of 23 surrogate imaging biomarkers. The five bone 

morphometry included Trabecular Thickness (Tb.Th), trabecular separation (Tb.Sp), 

trabecular number (Tb.N), Bone Volume per Total Volume (BV/TV) and Bone Surface 

per Bone Volume (BS/BV). Eighteen quantitative bone texture features included two 

main groups of variables:  1) Grey-level Co-occurrence Matrix (GLCM)36  and 2) 



41 

 

Grey-level Run Length matrix (GLRLM)37,38. The GLCM variables quantified the 

distribution of co-occurring pixel values and include Energy, Entropy, Auto 

Correlation, Inverse Difference Moment, Inertia, Cluster Shade, Cluster Prominence, 

and Haralick Correlation. The GLRLM variables quantified the size of 

homogeneous runs for each grey level and include: Short Run Emphasis, Long Run 

Emphasis, Grey Level Non Uniformity, Run Length Non Uniformity, Low Grey Level 

Run Emphasis, High Grey Level Run Emphasis, Short Run Low Grey Level 

Emphasis, Short Run High Grey Level Emphasis, Long Run Low Grey Level 

Emphasis and Long Run High Grey Level Emphasis. 

 

Computational Parameters for Bone Imaging Biomarkers Computation  

 The BoneTexture39 module of the 3D-Slicer software34 (https://www.slicer.org)  

was used to compute the bone imaging biomarkers and obtain the subchondral bone 

microstructure values. We have chosen the software computation parameters based 

on the user manual and our pilot calibration studies. The following computational 

software parameters were selected in the BoneTexture module: for GLCM: Mask 

“inside” value: 1; number of bins: 10; voxel intensity range min. = -1000, max=2500; 

neighborhood radius: 4; for GLRLM: Mask “inside” value: 1; number of bins: 10; voxel 

intensity range min. = -1000, max=2500; distance range: min. = 0, max=1; 

neighborhood radius: 4. For bone morphometry (BM) the software parameters were: 

threshold: 250 and neighborhood radius: 4.  

 

 

Statistical Analysis 

The statistical analysis was performed using the SPSS IBM software (v.25.0). 

The data distribution between the left and right mandibular condyles showed a non-

dependency relation resulting in a number of 2 condyles for each patient (right 

condyle and left mirrored condyle).  The intraclass correlation coefficient (ICC) was 

assessed with an interval of 2 weeks to evaluate the study repeatability. The Mann-

Whitney U test for independent samples compared the two groups and the bone 

imaging biomarkers rank values were computed due to its non-normal data 

distribution after analysis of kurtosis and symmetry. We computed a receiver 

operating characteristic curve (ROC)40 to determine the biomarkers diagnostic 

performance to diagnose TMJ OA. In addition, a unique predictive variable was 



42 

 

created using a binary logistic regression with the statistically significant variables 

and computed in a new ROC curve. We also evaluated the Spearman correlation 

among the morphometric and texture variables and the patient age. 

 

 

RESULTS 

 

Participants, Descriptive Data and Method Error 

Table 1 shows the patient's demographic distribution, the control group (n=43 

subjects) had 6 males and 37 females, and the OA group (n=51 patients) had 7 

males and 44 females. The ICC (Table 2) showed high repeatability for all the 

variables (r ≥ 0.7) except for Cluster Shade (r=0.1), Cluster Prominence (r = 0.1) and 

Auto Correlation (r=0.6). Due to the poor repeatability, these 3 variables were 

excluded from the next computational and statistical analysis. The Spearman 

correlation among the biomarkers and the patients’ age did not present statistical 

significance and for this reason, was not reported. 

 

TABLE 1- Descriptive and demographic distribution of the subjects. 

Control Group (n=43 subjects, 84 condyles)   OA Group (n=51 patients, 99 condyles) 

  95% CI       95% CI   

Mean (age years) Lower Upper SD   Mean (age years) Lower Upper SD 

39.6 36.6 42.6 13.7   40.9 38.4 43.5 12.7 

Male (n) Female(n) Total(n)     Male (n)  Female(n) Total(n)   

6 37 43     7 44 51   

SD: standard deviation; CI: confidence interval.             
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TABLE 2 – Intraclass correlation for repeated measurements by the same 

operator in a 2 weeks interval. 

Variable (n=20 for each VoI) ICC Value (r) 

  S C P L M A 

Energy 0.9 0.9 0.8 0.8 0.9 0.9 

Entropy 0.9 0.9 0.8 0.8 0.8 0.9 

Auto Correlation 0.9 0.9 0.7 0.7 0.6 0.8 

InverseDifferenceMoment 0.9 0.9 0.9 0.9 0.9 0.9 

Inertia 0.9 0.9 0.9 0.9 0.9 0.9 

ClusterShade 0.8 0.8 0.8 0.8 0.1 0.8 

ClusterProminence 0.9 0.9 0.8 0.7 0.1 0.8 

HaralickCorrelation 0.9 0.9 0.9 0.8 0.8 0.9 

ShortRunEmphasis 0.9 0.9 0.9 0.9 0.8 0.9 

LongRunEmphasis 0.9 0.9 0.9 0.9 0.9 0.9 

GreyLevelNonUniformity 0.9 0.8 0.9 0.7 0.8 0.9 

RunLengthNonUniformity 0.9 0.9 0.9 0.9 0.9 0.9 

LowGreyLevelRunEmphasis 0.9 0.9 0.9 0.8 0.9 0.9 

HighGreyLevelRunEmphasis 0.9 0.9 0.9 0.8 0.9 0.9 

ShortRunLowGreyLevelEmphasis 0.9 0.9 0.9 0.9 0.9 0.8 

ShortRunHighGreyLevelEmphasis 0.9 0.9 0.9 0.8 0.8 0.9 

LongRunLowGreyLevelEmphasis 0.9 0.9 0.9 0.8 0.9 0.9 

LongRunHighGreyLevelEmphasis 0.9 0.9 0.9 0.9 0.9 0.9 

BV/TV 0.9 0.9 0.9 0.9 0.9 0.9 

Tb.Th 0.9 0.9 0.9 0.8 0.9 0.9 

Tb.Sp 0.9 0.9 0.9 0.9 0.9 0.9 

Tb.N 0.9 0.9 0.9 0.8 0.9 0.9 

BS/BV 0.9 0.9 0.9 0.8 0.9 0.9 

α = 0.05. All the r-values were statistically significant (p < 0.05), except for 

Auto correlation, Cluster Shade and Cluster Prominence. S: superior, C: 

central, P: posterior, L: lateral, M: medial and A: anterior VoIs. 

 

Statistical Tests of OA Diagnosis 

 Table 3 shows the Mann-Whitney U test and the ranked values for each 

variable. Statistically significant bone changes in texture features were detected in 

the lateral and central VoI regions of OA patients compared to control subjects (p < 

0.05).  The lateral VoI region of the TMJ OA patients showed significantly decreased 

values of: Energy, Grey Level Non Uniformity, Low Grey Level Run Emphasis, Short 

Run Low Grey Level Emphasis, Long Run Low Grey Level Emphasis, and BS/BV; 

and significantly increased values of: Entropy, Haralick Correlation, High Grey Level 

Run Emphasis, Short Run High Grey Level Emphasis, Long Run High Grey Level 

Emphasis BV/TV and Tb.Th. The central VoI region of TMJ OA patients showed 

significantly decreased values of: Low Grey Level Run Emphasis, Short Run Low 

Grey Level Emphasis, Long Run Low Grey Level Emphasis, Tb.Sp, and BS/BV; and 

significantly increased values of: High Grey Level Run Emphasis, Short Run High 
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Grey Level Emphasis, Long Run High Grey Level Emphasis, BV/TV and Tb.Th. The 

Fig. 3 summarizes the results obtained using the Mann-Whitney U test. A sample 

power of 0.80 (β) and effect size of 0.5 was achieve considering the statistically 

significant biomarkers in the lateral and central regions with =0.05. 

TABLE 3- Man-Whitney U test analysis for two independent samples between Control group and OA group.  

VARIABLES 
Lateral   Central   Medial   

Mean Rank   Mean Rank   Mean Rank   

  C OA p C OA p C OA p 

(n) 84 99   84 99   84 99   

Energy 104.3 81.5 0.00 95.1 89.4 0.47 99.2 85.9 0.09 

Entropy 79.8 102.3 0.00 89.0 94.5 0.48 85.5 97.6 0.12 

InverseDifferenceMoment 99.5 85.7 0.08 92.0 92.0 1.00 94.2 90.2 0.61 

Inertia 84.8 98.1 0.09 92.0 92.0 1.00 89.9 93.8 0.61 

HaralickCorrelation 76.8 104.9 0.00 83.7 99.1 0.05 84.2 98.7 0.07 

ShortRunEmphasis 86.8 96.4 0.22 89.3 94.3 0.53 90.9 92.9 0.80 

LongRunEmphasis 99.6 85.6 0.07 92.3 91.7 0.94 91.7 92.2 0.95 

GreyLevelNonUniformity 101.9 83.6 0.02 99.8 85.4 0.07 98.0 86.9 0.16 

RunLengthNonUniformity 84.7 98.2 0.09 91.5 92.4 0.90 91.1 92.8 0.83 

LowGreyLevelRunEmp.  103.0 82.7 0.01 103.5 82.3 0.01 96.6 88.1 0.28 

HighGreyLevelRunEmp. 79.1 103.0 0.00 80.5 101.8 0.01 85.2 97.8 0.11 

ShortRunLowGreyLevelEmp.  101.9 83.6 0.02 102.6 83.0 0.01 95.6 89.0 0.40 

ShortRunHighGreyLevelEmp.  81.0 101.4 0.01 80.9 101.5 0.01 84.9 98.1 0.09 

LongRunLowGreyLevelEmp. 103.2 82.5 0.01 100.8 84.6 0.04 95.4 89.1 0.42 

LongRunHighGreyLevelEmp.  81.2 101.2 0.01 81.6 100.8 0.01 85.9 97.2 0.15 

BV/TV 82.8 99.8 0.03 82.8 99.8 0.03 88.7 94.8 0.44 

Tb.Th 79.2 102.9 0.00 82.6 100.0 0.03 85.5 97.6 0.12 

Tb.Sp 99.7 85.5 0.07 101.2 84.2 0.03 93.7 90.5 0.69 

Tb.N 99.7 85.4 0.07 93.2 91.0 0.78 99.0 86.1 0.10 

BS/BV 105.2 80.8 0.00 101.4 84.0 0.03 98.6 86.4 0.12 

  Posterior   Anterior   Superior   

Energy 93.7 90.6 0.70 91.8 92.2 0.96 85.9 97.2 0.15 

Entropy 91.4 92.5 0.88 95.2 89.3 0.46 98.9 86.2 0.11 

InverseDifferenceMoment 93.1 91.1 0.80 88.3 95.1 0.38 85.6 95.7 0.31 

Inertia 91.0 92.9 0.81 95.7 88.8 0.38 96.3 88.4 0.31 

HaralickCorrelation 85.4 97.6 0.12 88.6 94.9 0.43 95.3 89.2 0.44 

ShortRunEmphasis 89.4 94.2 0.55 94.9 89.6 0.50 89.7 93.9 0.59 

LongRunEmphasis 94.7 89.7 0.53 90.4 93.4 0.71 91.3 92.6 0.87 

GreyLevelNonUniformity 93.3 90.9 0.76 92.8 91.3 0.85 91.2 92.7 0.86 

RunLengthNonUniformity 90.4 93.4 0.70 94.8 89.6 0.51 95.4 89.1 0.42 

LowGreyLevelRunEmp. 100.4 84.9 0.05 98.1 86.9 0.15 91.9 92.1 0.98 

HighGreyLevelRunEmp. 83.8 99.0 0.05 86.8 96.4 0.22 92.9 91.2 0.83 

ShortRunLowGreyLevelEmp. 99.4 85.8 0.08 97.4 87.4 0.21 92.5 91.6 0.92 

ShortRunHighGreyLevelEmp. 84.2 98.7 0.07 89.4 94.2 0.53 91.8 92.2 0.96 

LongRunLowGreyLevelEmp. 99.5 85.7 0.08 97.4 87.4 0.20 89.8 93.9 0.60 

LongRunHighGreyLevelEmp. 84.7 98.2 0.08 86.7 96.5 0.21 92.5 91.6 0.91 

BV/TV 85.4 97.6 0.12 86.4 96.8 0.19 92.6 91.5 0.88 

Tb.Th 84.5 98.3 0.08 86.0 97.1 0.16 92.8 91.3 0.85 

Tb.Sp 98.2 86.7 0.15 97.0 87.8 0.24 92.0 92.0 1.00 

Tb.N 96.0 88.6 0.35 94.7 89.7 0.53 88.7 94.8 0.43 

BS/BV 99.5 85.7 0.08 98.0 86.9 0.16 91.2 92.7 0.85 
                       

α = 0.05.  The bold values indicate statistical significance (p < 0.05).            
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FIGURE 3 – Summary illustration showing the biomarkers that were statistically significant (p<0.05) in 
the Mann-Whitney analysis. Only the Central and Lateral regions showed significant differences 
between the OA and Control groups. The arrows pointing down are indicating lower expression in 
comparison with control group. 

 

 

Figure 4A shows the ROC curve for all the variables that presented statistically 

significant differences between the OA and Control groups in Table 3. The lines 

above the diagonal indicate the variables that were significantly increased, and the 

lines under the diagonal reference lines indicate that the values that were 

significantly decreased in the OA compared to the control groups. Both the curves 

above and below the diagonal in Fig. 4A indicate the good diagnostic performance of 

our proposed biomarkers.  
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FIGURE 4 – A) Receiver Operating Characteristic (ROC) curves for detecting osteoarthritis using the 
variables that showed statistical significance in the Mann-Whitney test. The lines above the main 
diagonal represent that the state value (OA Group) will increase as the test variable decreases and the 
lines under the main diagonal represent that the state value (OA Group) will decrease as the test 
variable decreases. B) The ROC curve for the predictive variable created through binary logistic 
regression combining all the variables shown in figure 3 for detecting osteoarthritis. The Area Under 
the Curve (AUC) was 0.74 (95% CI were 0.67 to 0.82). 
 
 

Table 4 details the value of the area under the curve for each variable ranging 

from 0.58 to 0.63 (p < 0.05). Figure 4B shows the ROC curve for the predictive 

variable created through binary logistic regression combining the biomarkers shown 

in Fig. 3. The area under the curve was 0.74 (95% CI were 0.67 to 0.82 – Table 4) 

indicating good diagnostic performance of the combined information provided by 

these biomarkers. 

 
 
TABLE 4 - Receiver Operating Characteristics (ROC) curves and their respective Area Under  

the Curve (AUC) for predicting TMJ-OA. 

VARIABLES Area SE p 
95% CI 

Lower Upper 

LowGreyLevelRunEmphasis_Central† 0.61 0.04 0.01 0.53 0.69 

HighGreyLevelRunEmphasis_Central 0.62 0.04 0.01 0.54 0.70 

ShortRunLowGreyLevelEmphasis_Central† 0.60 0.04 0.01 0.52 0.68 

ShortRunHighGreyLevelEmphasis_Central 0.61 0.04 0.01 0.53 0.69 

LongRunLowGreyLevelEmphasis_Central† 0.58 0.04 0.04 0.50 0.67 

LongRunHighGreyLevelEmphasis_Central 0.61 0.04 0.01 0.52 0.69 

BVTV_Central 0.59 0.04 0.03 0.51 0.68 

TbTh_Central 0.60 0.04 0.03 0.51 0.68 

TbSp_Central† 0.59 0.04 0.03 0.51 0.67 

BSBV_Central† 0.59 0.04 0.03 0.51 0.68 

Energy_Lateral† 0.62 0.04 0.00 0.54 0.70 

Entropy_Lateral 0.62 0.04 0.00 0.54 0.70 

HaralickCorrelation_Lateral 0.65 0.04 0.00 0.57 0.73 

GreyLevelNonUniformity_Lateral† 0.60 0.04 0.02 0.51 0.68 
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LowGreyLevelRunEmphasis_Lateral† 0.61 0.04 0.01 0.53 0.69 

HighGreyLevelRunEmphasis_Lateral 0.63 0.04 0.00 0.55 0.71 

ShortRunLowGreyLevelEmphasis_Lateral† 0.60 0.04 0.02 0.51 0.68 

ShortRunHighGreyLevelEmphasis_Lateral 0.61 0.04 0.01 0.53 0.69 

LongRunLowGreyLevelEmphasis_Lateral† 0.61 0.04 0.01 0.53 0.69 

LongRunHighGreyLevelEmphasis_Lateral 0.61 0.04 0.01 0.53 0.69 

BVTV_Lateral 0.59 0.04 0.03 0.51 0.68 

TbTh_Lateral 0.63 0.04 0.00 0.55 0.71 

BSBV_Lateral† 0.63 0.04 0.00 0.55 0.66 

Variable Area SE p 
95% CI 

Lower Upper 

Predictive Variable†† 0.74 0.036 0.00 0.67 0.81 

Test under the nonparametric assumption and null hypothesis: true area = 0.5 
†AUC value subtracted from 1 (lower variable values were higher in OA patients) 
††Created through binary logistic regression combining all the variables included in the 

first ROC. 

 
 

 

DISCUSSION 

To our knowledge, this is the first cross-sectional case control study to 

determine the diagnostic performance of novel imaging bone biomarkers in hr-CBCT 

scans of TMJ OA patients. This study tested surrogate bone morphometry and 

textural features and indicate 13 textural imaging biomarkers for diagnosis of 

subchondral bone changes in TMJ patients. These results are based on 6 VoIs of 

183 condyles (control + OA groups), that resulted in 1098 localized hr-CBCT images. 

The image processing and computation of those large volumetric images led to the 

novel and open-access methodology presented in this study to mine and extract 

useful clinical data. 

Rapidly progressive OA may involve multiple joints, and severe stages might 

require joint replacement dependent upon functional limitations 41,42. TMJ 

osteoarthritis is successfully managed with conservative therapy that may include 

nonsteroidal anti-inflammatory, splints, physical therapy, low-energy laser and 

arthrocentesis43.     Either surgical or nonsurgical management requires careful 

follow-up with validated tools to monitor treatment outcome. The greatest challenge 

in OA treatment is that the disease cannot be diagnosed until it becomes 

symptomatic, at which point structural alterations are already advanced40. Until 

recently, osteoarthritis frequently referred to as degenerative joint disease, was 

considered a localized condition that may after only one joint, but recent studies have 

demonstrated that even though one joint may manifest symptoms before the other, 
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osteoarthritis is a multijoint disease44 Furthermore, even with the addition of 

radiographic criteria to DC/TMD the standardized and widely used protocols for TMJ 

OA assessment, it still relies on subjective radiological interpretation of pre-existent 

bone changes and clinical symptoms29. Chronic stages of this degenerative disease 

cannot be conservatively treated, as its natural cycle causes an intermittent 

inflammation with large bone destruction, pathological remodeling, pain and loss of 

function45,46. It is unlikely that a single marker would drive this complex, and a 

disease-modifying therapy is still unknown. Therefore, the patients with the diagnosis 

of TMJ OA in one condyle were classified as TMJ OA patients, even though the 

clinical manifestation was unilateral. Our proposed imaging biomarkers extract 

quantitative information using mathematical algorithms (GLCM and GLRLM)38 to 

identify the difference in grayscale patterns between images of control subjects and 

OA patients7,20,21,23. Our results exhibited a good diagnostic performance with AUC of 

0.74 (Fig. 3B).  

Previous studies have shown the role of this tissue in the OA pathogenesis, 

including sclerosis and hypomineralization due to the abnormal bone remodeling42,47. 

Histopathological findings showed that the changes occur by microdamage, bone 

marrow edema-like lesions and bone cysts at the subchondral region11 .In our study, 

Figure 3 summarizes the statistically significant increase in trabecular thickness and 

Bone Volume per Total Volume fraction, and well as decreased Bone Surface per 

Bone Volume fraction suggesting higher porosity in TMJ OA mandibular condyles, 

and in agreement with the histological findings described in the literature11,48. 

The rationale for selecting volumes of interest in 6 different regions of the 

condyles in our study is based on previous results45,49 that indicated that changes 

occurring in different surface regions, including increased bone formation in the 

anterior pole, bone resorption in the lateral pole and superior region pole and overall 

bone surface remodeling. The lateral surface of the condyles has also been highly 

correlated with specific inflammatory proteins indicating that bone remodeling in this 

region may play an important role in OA pathogenesis50. Thus, a single quantitative 

value for the entire condyle cannot explain the different inflammatory responses 

leading to bone apposition and reparation in anterior and medial regions, while bone 

resorption occurs in other regions particularly the lateral condylar surface. Statistically 

significant differences were found in this study for 13 imaging biomarkers in the 

lateral region and 10 in the central region (Table 2 and Fig. 3). Bone resorption in the 
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lateral VoI region of the condyles of TMJ OA patients may be explained by 

significantly decreased values of: Energy, Grey Level Non-Uniformity, Low Grey 

Level Run Emphasis, Short Run Low Grey Level Emphasis, Long Run Low Grey 

Level Emphasis, and BS/BV. Interestingly, significantly increased values of Entropy, 

Haralick Correlation, High Grey Level Run Emphasis, Short Run High Grey Level 

Emphasis, Long Run High Grey Level Emphasis BV/TV and Tb.Th were also 

observed in the lateral condylar region. The small central VoI region, deeper in the 

subchondral bone of the condylar head of TMJ OA patients and away from the 

articular surface, showed significantly decrease in 4 of the same variables (Low Grey 

Level Run Emphasis, Short Run Low Grey Level Emphasis, Long Run Low Grey 

Level Emphasis and BS/BV) and increase in 5 of the same variables in the lateral VoI 

(High Grey Level Run Emphasis, Short Run High Grey Level Emphasis, Long Run 

High Grey Level Emphasis, BV/TV and Tb.Th). The central condylar region revealed 

decreased trabecular spacing and no significant differences in Entropy, Haralick 

Correlation, Energy and Grey Level Non-Uniformity between the OA and control 

groups. The differences in subchondral bone findings between the lateral and central 

condylar regions in this study may possibly be related to greater 

vascularization/innervation and less articular loading in the central condylar region, 

giving passage to the reparatory response in medial and anterior condylar surfaces.  

The clinical diagnosis of degenerative joint disease in this study was 

performed by a TMD specialist clinical exam using the DC/TMD29. A limitation of this 

study is that the diagnosis by history and clinical examination using DC/TMD has a 

sensitivity of 0.55 and specificity 0.61 without imaging29. The methods proposed in 

the present manuscript will lead to future investigations on TMJ OA staging based on 

the absence or severity of the presence of morphological signs of condylar OA.  

Recent histology studies by Embree et al.48, showed that in mice with early-

stage TMJ osteoarthritis, the subchondral bone revealed increased osteoclast 

activity, with gene increase in RANKL/OPG and up expression of 5 genes involved in 

bone resorption. Ebrahim et al.51, showed that the some of our proposed imaging 

biomarkers (Low Grey Level Run Emphasis and Long Run Low Grey Level 

Emphasis) were statistically correlated with the osteoclast increase in a sample of 26 

condyles. Our proposed methodology demonstrated a non-invasive workflow for 3D 

image analysis that may be applied to further imaging and joints studies with the 

ultimate goal of assessing bone remodeling using non-invasive imaging rather than 
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histology. The proposed methods also open opportunities for investigation of 

correlations between imaging biomarkers for   TMJ OA staging and biomolecular 

findings.  

Diagnosis of initial changes in the subchondral bone organization requires 

quantitative methodologies to analyze and extract bone texture information6,12,52. 

Recent studies have shown the potential and value of the imaging data mining 

applied in cancer studies to detected early tissue pathologic changes19,53. Nieminem 

et al.8, from 2017 to 2018, described that radiographic imaging studies were the most 

commonly performed exams to assess OA. However, spatial and contrast resolution 

limitations to analyze bone textural imaging features have been reported by 

Caramella et al.54. Such limitations were overcome in the present study by using a 

standardized image acquisition and processing protocols (Fig. 1) for higher spatial 

resolution hr-CBCT scans, with a voxel size of 0.08 mm3. Our novel image 

processing workflow utilized the 3DSlicer software module called Bonetexture39 due 

to its user-friendly interface and fast computational processing.  

 

CONCLUSION 

Our results showed statistically significant differences between Control and 

TMJ OA groups in the subchondral bone microstructure in the lateral and central 

condylar regions. Thirteen imaging bone biomarkers showed good diagnostic 

performance for diagnosis of TMJ OA and the ROC curve for the combined predictive 

variable presented an AUC of 0.74.  The workflow for image analysis described in 

this study can be applied to other imaging modalities and joints and has the potential 

to further elucidate OA pathogenesis and disease progression in future 

investigations.  
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ABSTRACT 

 

After chronic low back pain, Temporomandibular Joint (TMJ) disorders are the 

second most common musculoskeletal condition affecting 5 to 12% of the population, 

with an annual health cost estimated at $4 billion. Chronic disability in 

temporomandibular osteoarthritis (OA) increases with aging, and the greatest clinical 

challenge is to diagnose the disease before the morphological degeneration occurs. 

Here, advanced data science to capture, process and analyze 52 clinical, biological 

and imaging data address the challenges in early diagnosis of TMJ OA. Headaches, 

Energy, and interactions of VE-cadherin in Serum and Angiogenin in Saliva, Gender 

and Muscle Soreness, Headaches and TGF-β1 in Saliva, PA1 in Saliva and Range of 

mouth opening accurately diagnose early stages of this clinical condition, using 

machine learning approaches. We expect that diagnosis of early stages will boost 

future studies into osteoarthritis patient specific therapeutic interventions, and thereby 

improve the health of articular joints. 
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Introduction 
 

Osteoarthritis (OA) affects millions of people worldwide, causing them 

many years with pain and disability1. Trends in global burden of the disease 

from 1990 to 2016 show that OA is the second most rapidly rising condition 

associated with disability, with a 46 percent increase in years lived with 

disability, just behind diabetes at 52 percent2.With the aging population and 

higher rates of obesity, this burden is expected to rise. The rapid increase in 

prevalence of OA will lead to a growing impact and major challenges for 

health care and public health systems. OA can occur in different joints in the 

musculoskeletal system, such as the knee, hips, back, hand, and 

temporomandibular joint (TMJ), having a multifactorial etiology that includes: 

excessive mechanical stress, hormonal changes, genetics, aging and 

others3–5. The TMJ is a unique model to study early bone changes in OA, as 

the bone articular surface is covered only by a thin layer of fibrocartilage in 

the TMJ condyle. Osteoarthritis of the TMJ (TMJ OA) is a multi-system 

disease,  involving numerous pathophysiological processes, and requiring 

comprehensive assessments to characterize progressive cartilage 

degradation, subchondral bone remodeling, and chronic pain4,6–8.  

Studies using in vivo OA disease models now benefit from high-

resolution cone-beam tomography imaging (HR-CBCT)9.   HR-CBCT scans 

allow diagnosis of the bone environment with sub-millimeter resolution 

comparable to micro-CT, but with a much lower radiation dose,10 and have 

been widely used by clinicians and researchers11–14. As treatments to reverse 

the chronic damage of TMJ OA are unavailable, early diagnosis may provide 

the best opportunity to prevent extensive and permanent joint damage. 

However, current diagnosis is based on pre-existent clinical/imaging signs 

and symptoms markers using standard protocols recommended for 

Diagnostic Criteria for Temporomandibular Disorders (DC/TMD), meaning to 

diagnose TMJ OA degradation of the joint must have already occurred15-16. 

The DC/TMD criteria are based on pre-existent condylar damage, such as 

subcortical cysts, surface erosions, osteophytes, or generalized sclerosis that 

are present mainly in the later stages of the disease. Towards an early 

diagnosis that is predictive of disease status, animal studies indicate that the 
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bone microarchitecture6,8,17,18 is an important factor in the OA pathogenesis 

initiation, preceding articular cartilage changes17,19, and should be 

investigated in human studies. The estimated increase in OA prevalence in high-

income countries over the next decades20 parallels advances in computational 

machine learning and data management21,22.  With the increase in the volume 

of information acquired from high resolution images,  precise data mining 

algorithms are needed to standardize data from multiple centers and provide  

personalized treatment15,20,22–25.   

Here, we propose novel standardized data representation/processing, 

statistical learning, and interactive visualization to fully explore biomarker 

interactions in relation with disease and health. Our  data-driven approaches 

integrate information patterns to provide new insights into the complex 

etiology of TMJ OA25. Data management includes  standardized imaging26, 

clinical15 and biomolecular27 acquisition, and control of patient information 

from multiple data sources, with standardized demographic for matching OA 

patients and healthy controls. We have evaluated fifty-five variables to 

determine the most relevant integrative feature pools using machine-learning 

algorithms to detect TMJ OA status (Fig. 1). We hypothesize that by 

combining standardized patient features from multiple sources using 

statistical machine-learning approaches, we can accurately diagnose TMJ 

OA status.  
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Fig. 1- The spectrum of Data Science to advance TMJ OA diagnosis includes Data capture and acquisition, Data 

processing with a web-based data management, Data Analytics involving in-depth statistical analysis, machine 

learning approaches and Data communication to help the decision making support in TMJ OA diagnosis. 

Results 

Web-based platform to store and compute data analytics of clinical, 

radiomics and biomolecular markers. Our Data Storage for Computation and 

Integration (DSCI)29 web-based system was used for data management with 

storage and integration of patient information from multiple sources. The DCSI 

communicates with  3D Slicer30 platform through the Data Base lnteractor31 plugin 

that allows the user to upload the clinical, imaging and biological markers. The 

data was exported in a csv file and we show in Tables 1-3, the descriptive 

statistics for each variable and their respective nomenclature and abbreviations. 

As most of the variables did not show parametric distribution (after evaluation of 

the asymmetry and kurtosis), the descriptive statistics display the median, mean, 

standard deviation and upper/lower limits for the 95% confidence interval.  

 

Table 1 – Descriptive and demographic values for each clinical variable.  

 

The following variables were measured only for the TMJ OA group since the 

control patients did not present facial and/or TMJ pain:  years of pain onset 

(PainY), current facial pain (PainCur), last six months worst facial pain (PainWor) 

and last six months average facial pain (PainAve). The TMJ OA and control 

    
Control Group (n=46) Female (39) Male (7)   TMJ OA Group (n=46) Female (39) Male (7)  

  

Variables Abbreviation 
  

95% CI 
   

95% CI   

Clinical Variables 
 

Median Mean Lower Upper SD Median Mean Lower Upper SD 

Age Age 38.50 39.83 35.89 43.76 13.26 38.00 37.65 33.99 41.32 12.34 

Years of Pain Onset (years) PainY - - - - - 3.75 4.34 3.35 5.33 3.34 
Facial Current Pain (years) PainCur - - - - - 3.00 3.07 2.47 3.66 2.00 

Facial last 6 months Worst 

Pain (0 to 10) 
PainWor - - - - - 7.00 6.89 6.06 7.73 2.81 

Facial last 6 months Average 

Pain (0 to 10) 
PainAve - - - - - 4.50 4.52 3.87 5.17 2.20 

Last 6 Months Distressed by 
Headaches (0 to 10) 

Headaches 0.00 0.63 0.33 0.93 1.02 2.00 1.65 1.33 1.97 1.08 

Last 6 Months Distressed by 

Muscle Soreness (0 to 10) 
MusSor 0.00 0.37 0.16 0.58 0.71 1.00 1.07 0.74 1.39 1.10 

Vertical Range Unassisted 

Without Pain (mm) 
RangeWOpain 44.50 44.91 42.42 47.40 8.39 36.35 39.00 32.44 40.26 13.16 

Vertical Range Unassisted 
Max (mm) 

RangeUnaMax 47.50 46.83 44.62 49.03 7.41 45.00 44.28 41.41 47.16 9.68 

Vertical Range Assisted Max 

(mm) 
RangeAssMax 50.00 49.21 47.15 51.27 6.94 49.00 47.54 44.69 50.40 9.61 

CI: Confidence Interval; SD: Standard Deviation. 
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groups were age and sex matched. We can note that patients with OA present 

less range of mouth opening, for radiomics and biomolecular variables both 

present similar values, and in the Supplementary Fig. 1 we present the statistical 

differences between them. Finally, the MMP3 protein was not described for saliva, 

since the expression levels were not detected. 

Table 2 – Descriptive values for each imaging variable.  

 

Radiomic features differentiate control subjects and TMJ OA patients. We 

used a non-invasive  protocol validated by our group to detect the initial morphological 

changes in the mandibular condyle trabecular bone based on radiomics information10. 

We extracted 20 imaging features (GLCM, GLRLM and bone morphometry described 

in Table 2)26,32. These radiomic features were tested using the Mann-Whitney U test 

(Fig. 2 B and Supplementary Fig. 1 – B) for group comparisons. From the 20 

variables, 13 showed differences between the disease and control groups. These 

findings suggest, and corroborate the literature, that the trabecular bone has an 

important role in the TMJ OA pathogenesis6,17,33.  

 

    
Control Group (n=46) Female (39) Male (7)   TMJ OA Group (n=46) Female (39) Male (7)  

  

Variables Abbreviation 
  

95% CI 
   

95% CI   

Radiomics Variables 
 

Median Mean Lower Upper SD Median Mean Lower Upper SD 

Energy Energy 0.30 0.31 0.28 0.33 0.07 0.25 0.25 0.23 0.27 0.07 

Entropy Entropy 2.29 2.30 2.20 2.40 0.33 2.56 2.62 2.49 2.75 0.42 

Inverse Difference Moment InvDifMom 0.91 0.90 0.90 0.91 0.02 0.89 0.89 0.89 0.90 0.02 
Inertia Inertia 0.19 0.19 0.19 0.20 0.03 0.21 0.21 0.20 0.22 0.03 

Haralick Correlation HarCor 317.48 375.56 303.63 447.49 242.23 410.36 603.40 467.71 739.10 456.94 

Short Run Emphasis ShortRE 0.33 0.34 0.35 0.34 0.03 0.35 0.35 0.34 0.36 0.03 
Long Run Emphasis LongRE 16.58 16.51 16.01 17.01 1.68 15.44 15.64 15.10 16.18 1.81 

Grey Level Non Uniformity GreyLNU 2405.84 2374.26 2272.67 2475.84 342.08 2240.61 2249.65 2158.63 2340.67 306.50 

Run Length Non Uniformity RunLNU 1239.23 1287.96 1209.65 1366.27 263.72 1443.88 1459.22 1367.19 1551.25 309.91 
Low Grey Level Run 

Emphasis 
LowGLRE 0.06 0.06 0.06 0.06 0.01 0.06 0.06 0.05 0.06 0.01 

High Grey Level Run 

Emphasis 
HighGLRE 19.10 19.98 18.76 21.19 4.09 21.05 22.47 20.95 23.98 5.11 

Short Run Low Grey Level 

Emphasis 
ShortRLowGLE 0.02 0.02 0.02 0.02 0.00 0.02 0.02 0.02 0.02 0.00 

Short Run High Grey Level 

Emphasis 
ShortRHighGLE 6.96 7.25 6.72 7.77 1.77 8.15 8.56 7.89 9.24 2.27 

Long Run Low Grey Level 
Emphasis 

LongRLowGLE 1.05 1.05 0.98 1.11 0.23 0.95 0.95 0.87 1.03 0.28 

Long Run High Grey Level 

Emphasis 
LongRHighGLE 299.09 303.82 283.69 323.95 67.80 309.96 317.43 298.88 335.97 62.45 

Bone Volume (%) BV/TV 0.54 0.54 0.48 0.60 0.20 0.60 0.58 0.52 0.64 0.20 

Trabecular Thickness (mm) Tb.Th 0.35 0.38 0.33 0.43 0.16 0.41 0.44 0.38 0.50 0.19 

Trabecular Separation (mm) Tb.Sp 0.28 0.34 0.27 0.40 0.21 0.26 0.35 0.25 0.44 0.31 
Trabecular Number (mm-1) Tb.N 1.47 1.44 1.38 1.51 0.23 1.45 1.36 1.28 1.44 0.28 

Bone Surface to Bone 

Volume Ratio (mm-1) 

BS/BV 5.79 6.08 5.43 6.73 2.18 4.89 5.30 4.65 5.95 2.18 

CI: Confidence Interval; SD: Standard Deviation. 
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Control and TMJ OA patients present similar expression levels of selected 

serum and saliva protein biomarkers. We selected proteins that have previously 

been detected  in the TMJ synovial fluid of OA patients27.   We  collected saliva and 

serum using  less invasive procedures and promising screening diagnostic tools34 to 

evaluate the diagnostic performance of each protein and their interactions with 

radiomics and clinical markers.  To analyze each protein’s expression level, we used 

a customized human protein micro-array kit (RayBiotech; Norcross, GA) with 

duplicate samples for each patient, controlling the standard curve and limiting 

expression as can be seen in supplementary Fig. 2. In both the saliva and serum 

samples, the levels of proteins did not differ, and large data distribution variability was 

observed as described in Table 3. We show in Fig. 2 – A, the Mann-Whitney U-test 

results for comparison between the TMJ OA and control groups. Even though our 

results at this point showed no differences between our groups, the next sections 

detail the contribution and diagnostic performance of those proteins to diagnose TMJ 

OA status.  

Table 3 - Descriptive values for each biomolecular variable. 

 

 

    
Control Group (n=46) Female (39) Male (7) 

 
TMJ OA Group (n=46) Female (39) Male (7)  

   

Variables Abbreviation 
  

95% CI 
 

 
  

95% CI   

Biomolecular 

Variables (pg/ml) 

 
Median Mean Lower Upper SD  Median Mean Lower Upper SD 

Angiogenin Serum ANG_Ser 1467.10 1454.86 1389.09 1520.62 221.46  1459.05 1457.15 1368.65 1545.65 298.02 

BDNF Serum BDNF_Ser 280.25 719.56 378.08 1061.04 1149.92  286.35 1121.62 544.88 1698.35 1942.12 
CXCL16 Serum CXCL16_Ser 3726.70 3741.37 3550.00 3932.73 644.40  3827.50 3988.57 3687.27 4289.87 1014.61 

ENA-78 Serum ENA-78_Ser 348.70 664.23 453.24 875.21 710.48  276.40 593.05 394.98 791.11 666.97 

MMP3 Serum MMP3_Ser 2358.25 2373.10 2073.33 2672.87 1009.45  2305.20 2367.03 2091.83 2642.24 926.72 
MMP7 Serum MMP7_Ser 496.55 527.66 444.90 610.42 278.69  453.75 554.15 419.32 688.98 454.02 

OPG Serum OPG_Ser 2539.15 3010.92 2165.32 3856.52 2847.49  2428.10 3116.79 2415.06 3818.51 2363.01 
PAI-1 Serum PAI-1_Ser 6505.60 7930.35 6486.74 9373.96 4861.24  6693.65 7237.11 5904.80 8569.41 4486.42 

TGF-β1 Serum TGF-β1_Ser 91.20 140.68 98.90 182.47 140.70  99.15 177.84 103.81 251.87 249.29 

TIMP-1 Serum TIMP-1_Ser 7382.15 7280.32 7020.93 7539.71 873.47  7351.65 7382.74 7099.45 7666.03 953.95 
TRANCE Serum TRANCE_Ser 2078.70 2200.67 1885.39 2515.95 1061.69  2507.15 2560.51 2231.90 2889.12 1106.56 

VE-cadherin Serum VE-cad_Ser 6259.20 6527.08 5140.64 7913.53 4668.73  5308.05 6154.80 4988.12 7321.48 3928.70 

VEGF Serum VEGF_Ser 93.90 115.32 76.18 154.46 131.80  87.30 117.40 85.32 149.47 108.01 
Angiogenin Saliva ANG_Sal 721.85 720.83 652.98 788.69 228.48  754.05 758.02 702.29 813.74 187.65 

BDNF Saliva BDNF_ Sal 5.20 7.60 5.13 10.08 8.34  3.95 8.32 4.03 12.62 14.47 

CXCL16 Saliva CXCL16_Sal 109.40 183.94 121.59 246.29 209.95  100.60 207.09 130.24 283.95 258.80 
ENA-78 Saliva ENA-78_Sal 2424.60 2218.02 1925.14 2510.90 986.25  2482.60 2410.40 2087.41 2733.39 1087.63 

MMP7 Saliva MMP7_Sal 3290.90 3615.28 2949.23 4281.33 2242.87  3594.20 3666.79 3040.77 4292.82 2108.08 

OPG Saliva OPG_Sal 555.75 855.69 560.07 1151.32 995.49  732.30 1329.53 754.68 1904.38 1935.77 
PAI-1 Saliva PAI-1_Sal 24.40 85.02 45.07 124.96 134.51  40.40 93.14 32.77 153.52 203.32 

TGF-β1 Saliva TGF-β1_Sal 40.70 64.66 41.86 87.46 76.78  54.45 69.20 46.64 91.76 75.97 

TIMP-1 Saliva TIMP-1_Sal 4070.90 3963.81 3663.14 4264.48 1012.49  3889.80 3880.69 3664.71 4096.67 727.30 

TRANCE Saliva TRANCE_Sal 627.60 794.52 533.49 1055.56 879.02  698.75 1041.55 622.45 1460.64 1411.27 

VE-cadherin 

Saliva 

VE-cad_Sal 643.10 1008.24 657.65 1358.84 1180.60  666.70 1313.82 585.33 2042.30 2453.11 

VEGF Saliva VEGF_Sal 1181.35 1342.62 1125.23 1560.02 732.07  1441.65 1419.39 1281.99 1556.79 462.68 

CI: Confidence Interval; SD: Standard Deviation. 



63 

 

Clinical features differentiate control subjects and TMJ OA patients. We 

present the Mann-Whitney U test in Supplementary Fig. 1 – c for comparison of both 

groups with respect to the following clinical variables: RangeAssMax, MusSor, 

RangeWOpain, Headaches and RangeUnaMax, defined in Table 1. We chose these 

features because they were measured in both groups and are part of the “Diagnostic 

Criteria for Temporomandibular Disorders (DC/TMD) for Clinical and Research 

Applications: Recommendations of the International RDC/TMD Consortium Network 

and Orofacial Pain Special Interest Group”15. Our results show that only 

RangeAssMax and RangeUnaMax were not statistically significantly different between 

the TMJ OA and control groups. The clinical features that presented statistically 

significant differences were correlated with pain or limited by pain. For example, for 

the maximum opening withodut pain (RangeWOpain), patients were instructed to 

open their mouths until they start to feel pain within their TMJs. This approach 

reduces the amount of opening for the TMJ OA patients that often present pain during 

opening; however, when the patients were asked to open the mouth as much as they 

could even with pain (i.e RangeUnaMAx) the values were not statistically significant 

between the groups. In Fig. 2 - C we display only the variables that were included in 

our diagnostic models, described in the following sections. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2 – Mann-Whitney U test Comparison between the TMJ OA and control groups showing 

the variables included in our diagnosis prediction models; A- Biomolecular features; B- 

Radiomic features; C- Clinical features. 
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Diagnostic performance to predict TMJ OA status. In Fig. 3 – A, we show the 
values for the Area Under the curve (AUC) (outer circle), p-value (medium circle) and 
q-value (inner circle) for each of the 52 features. 10 features were identified as 
significantly associated with the OA status, including Headaches, Entropy, 
RangeWOpain, Energy, MusSor, ShortRHighGLE, HarCor, InvDifMom, RunLNU, and 
Inertia. Fig. 3 - B shows the AUC (upper), p-value (medium) and q-value (lower) for 
each category of features (biological, clinical and radiomics). Most of the features with 
significant AUC values are clinical or radiomic features; no biomolecular feature is 
detected with AUC>0.65; nevertheless, it is shown that the interaction of biomolecular 
features can attain an AUC of 0.74 (Figure 3 – C, 3 - D) and have a large contribution 
in prediction of TMJ OA status(Fig. 3 – B). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3 - General association analysis of risk factors. Outer circle shows the AUC, middle circle 

shows the p-values, and inner circle shows the q-values for each single feature. A and C, for 52 

features, and 39 interactions (with AUC>0.65), respectively. B and D, for 52 features and 1326 

interactions, respectively. Upper graphic shows the AUC, middle graphic shows the p-values, 

and lower category shows the q-values for each category of features. 
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Contributions assessment of top features and interactions. Top features were 

filtered with {AUC>0.70} calculated from the training subjects and then fed into an 

XGBoost/LightGBM model to make diagnostic predictions. More details can be found 

in Method section. We demonstrate (Fig. ) the contributions of the top (>95% 

contribution in sum) features selected from the 52 features with mutual interactions, 

according to feature importance354,65 of n XGBoost (Fig. 4 – A) and LightGBM (Fig. 4 

– B) prediction models, where each model is trained by using a training subset from 

the leave-one-out cross-validation. We find that 9 features using XGBoost model have 

a mean contribution larger than 95%, while for LightGBM a subset including 6 features 

contributes >95% information.  

 

Fig. 4 - Top features with mean contribution greater than 95% according to feature 

importance. A, 9 features in the XGBoost prediction model; B, 9 features in the LightGBM 

prediction model. 

 

Diagnosis of TMJ OA status based on the top features and interactions.  After 

selection of the best features and interactions (Fig. 4), Fig. 5 - A displays the boxplots 

for comparison between OA and control groups. Fig. 5 – B shows the diagnostic 

performance based on the ROC curves of the top features to diagnose TMJ OA 

disease status and the XGBoost35 and LightGBM36   prediction models. The accuracy, 

precision, recall, AUROC and F1-score of four described methods (F1, P1), (F2, P1), 

(F2, P2) and (F2, P3) (see method section) are shown in Table 4. We found that the 
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LightGBM method with the interaction features included achieves an accuracy of 

0.837, the AUC 0.862, and the F1-score 0.823. By using the one-sided paired DeLong 

test, we found that the AUC of the (F2, P3) is significantly larger than the logistic 

models (F1, P1) and (F2, P1) but not significant when comparing with (F2, P2). The p-

values are 0.001, 0.014, and 0.129 respectively. Even though the main effect of 

bimolecular features are low, their interaction effects with clinical and radiomic 

features are important in diagnosis. 

Fig. 5 - Top features to diagnose disease status. A- Boxplots of normalized features. B- ROC curves of diagnostic 

sensitivity and specificity.  
 

Cross validation to control for overfitting. In order to select risk factors from the 

high-dimensional 52 features plus 1326 interactions, the control of overfitting is 

necessary. To take advantage of a larger training sample size to fulfil this aim, instead 

of using an independent test set, we use the leave-one-out cross validation and give 

evaluation and comparison using the average performance of different approaches on 

validation subjects. Each time in the leave-one-out CV, we select hyperparameters, 

i.e., the iteration steps, by further splitting the training subjects for 10-fold cross 

validation. 
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Table 4. Accuracy, precision, recall, AUROC and F1-score for the methods tested with 

different hyperparameters. 

  

 

(,W,C,S) Accuracy Precision.OA Precision.Control  

(F1, P1)              --- 0.685 ([0.587,0.772])  0.718 ([0.600,0.833])   0.660 ([0.574,0.745])  

(F2, P1) 
              
             --- 0.772 ([0.685,0.859]) 0.778 ([0.686,0.892])       0.766 ([0.679,0.870])  

(F2, P2) 
              
(0.001,2,0.7,0.5) 0.794 ([0.717,0.870]) 0.829 ([0.738,0.923])       0.765 ([0.685,0.857])  

(F2, P2) 
              
(0.001,1,0.7,0.5) 0.772 ([0.685,0.859]) 0.820 ([0.725,0.919])       0.736 ([0.649,0.837])  

(F2, P2) 
 
(0.01, 2, 0.7,0.5) 0.761 ([0.674,0.848]) 0.786 ([0.684,0.889])       0.740 ([0.650,0.837])  

(F2, P2) 
 
(0.001, 2, 0.5,0.5) 0.750 ([0.663,0.837]) 0.780 ([0.682,0.881])       0.726 ([0.646,0.825])  

(F2, P3) 
 
(0.01,1,0.5,0.5) 0.826 ([0.750,0.891]) 0.812 ([0.727,0.900])       0.841 ([0.755,0.931])  

(F2, P3) 
 
(0.01,1,0.7,0.5) 0.837 ([0.750,0.913])  0.816 ([0.729,0.911])       0.860 ([0.766,0.951])  

(F2, P3) 
            
(0.001,1,0.7,0.5)  0.826 ([0.750,0.891])  0.800 ([0.714,0.884])       0.857([0.773,0.947])  

(F2, P3) 
            
(0.01,1,0.7,0.7) 0.837 ([0.761,0.902]) 0.816 ([0.736,0.911])       0.860 ([0.767,0.951])  

(F2, P3) 
       
(0.01,2,0.7,0.5)  0.837 ([0.750,0.913])  0.816 ([0.727,0.913])       0.860 ([0.774,0.950])  

           

 
  

Recall.OA Recall.Control AUC Mean.F1.Score   

(F1, P1) 
 

0.609 ([0.457,0.739]) 0.761 ([0.630,0.870]) 0.725 ([0.613,0.829]) 0.683 ([0.582,0.771])   

(F2, P1) 0.761 ([0.630,0.870]) 0.783 ([0.674,0.913]) 0.789 ([0.694,0.883]) 0.772 ([0.685,0.859])   

(F2, P2) 0.739 ([0.609,0.870]) 0.848 ([0.739,0.935]) 0.835 ([0.752,0.911]) 0.793 ([0.714,0.870])   

(F2, P2) 0.696 ([0.543,0.826]) 0.848 ([0.739,0.935]) 0.828 ([0.741,0.915]) 0.770 ([0.678,0.858])  

(F2, P2) 0.717 ([0.565,0.848]) 0.804 ([0.674,0.913]) 0.831 ([0.742,0.906]) 0.760 ([0.671,0.848])  

(F2, P2) 0.696 ([0.565,0.826]) 0.804 ([0.696,0.913]) 0.799 ([0.699,0.884]) 0.749 ([0.662,0.836])  

(F2, P3) 0.848 ([0.739,0.935]) 0.804 ([0.696,0.913]) 0.859 ([0.782,0.927]) 0.826 ([0.749,0.891])  

(F2, P3) 0.870 ([0.761,0.957]) 0.804 ([0.674,0.913]) 0.862 ([0.775,0.935]) 0.837 ([0.750,0.913])  

(F2, P3) 0.870 ([0.783,0.957]) 0.783 ([0.652,0.891]) 0.860 ([0.78,00.927]) 0.826 ([0.749,0.891])  

(F2, P3) 0.870 ([0.761,0.957]) 0.804 ([0.696,0.913]) 0.862 ([0.775,0.929]) 0.837 ([0.761,0.902])  
(F2, P3) 0.870 ([0.761,0.957]) 0.804 ([0.674,0.913]) 0.862 ([0.777,0.937]) 0.837 ([0.750,0.913])   

 

Discussion 

We report here, the diagnostic performance of machine learning approaches 

to predict TMJ osteoarthritis status. Through data acquisition, management and 

processing, we achieve one of the main challenges of healthcare delivery, that is to 

integrate the patient data information from multiple sources for accurate diagnosis 

and meaningful indicators of individual health37. To obtain patient-specific, precise 

diagnostic information, Data Science has become indispensable in medicine, with 

integration of  data capture, management/processing and in-depth analysis with 

rigorous and standardized protocols38,39. 
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 In the carefully controlled data acquisition methods of our study, all subjects 

had the same imaging acquisition protocol, all clinical assessments were performed 

by the same pain specialist, and a single investigator collected the clinical, 

biological and imaging data. This study database was composed initially of 107 

subjects, and 15 subjects were excluded due to incomplete or inadequate quality of 

data. As part of the data management and processing, we extracted radiomics 

information from each subject’s HR-CBCT scan (Fig. 6) to obtain information that is 

hidden to the clinicians’ naked eyes40. Our result in Supplementary Fig. 1 shows 

that most radiomic features were able to differentiate between control and TMJ OA 

patients. Advanced statistical  learning approaches, shown in Fig. 4, demonstrate 

that Entropy, Energy and HarCor are included in our most accurate prediction 

models and corroborate our previous findings that found correlations  between 

these features  and  the bone status26, where  a decreased energy was associated 

with bone sclerosis/loss, and the increased values for HarCor and Entropy was 

correlated to bone sclerosis/loss. 

All clinical data were obtained using the DC/TMD15 criteria. We have chosen 

features measured in both groups as described in Fig. 3, where headaches had the 

highest AUC among all the features. This marker is highly correlated to 

temporomandibular disorders in the literature41, and now our study shows its 

improved diagnostic performance to predict OA status in conjunction with other 

features and machine learning approaches. Interestingly, the interaction of 

headaches with TGF-β1_Sal together was a top feature with >95% mean 

contribution to information gain in our statistical learning models. A possible clinical 

explanation is that patients with headaches  had increased levels of this protein, as 

previous studies  have indicated the expression and correlation of this cytokine with  

mandibular bone degradation in TMJ OA patients42–45. Other clinical markers 

included in our disease model were: RangeWOpain and its interaction with PAI-

1_Sal. As TMJ OA patients present with pain in their TMJs, the decreased amount 

of mouth opening without pain was an important disease sign with an AUC of 0.70; 

and its interaction with PAI-1_Sal was an exciting finding, as this feature was 

increased in the OA patients (Fig. 4). PAI-1 is a serine protease inhibitor of tissue 

plasminogen activator and prevents the formation of plasmin; in OA, PAI-1 has a 

role in the cascade of enzymatic activities, compromising repair and increasing the 

cartilage degradation19,46. A recent study by our group, showed that PAI-1 is 
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correlated with areas of flattening in the lateral surface of mandibular condyles with 

OA27, corroborating the results of this study. Finally, Gender and its interaction with 

MusSor was another significant feature included in our statistical prediction models. 

However, as TMJ OA prevalence is higher in women47, a limitation of this study is 

the unequal number of male and female subjects; out of  the 46 subjects in each 

group (sample size n=92),  39 were females and only 7 males. The role of MusSor 

in this interaction may be due to differences in pain sensitivity in women and men48, 

and  to  the central sensitization caused by painful osteoarthritis as patients with 

temporomandibular disorders also presented higher prevalence of muscle related 

symptoms49. 

For the biomolecular markers, no differences between OA and control 

subjects (Supplementary Fig. 2 - A) were found, however, our prediction models 

show that the interaction between VE-cad_Ser*ANG_Sal, TGF-β1_Sal*Headaches 

and PAI-1_Sal*RangeWOpain are top features with an AUC higher than 0.70 and 

with mean >95% contribution to the information gain in  the XGBoost and LightGBM 

predictive models. As markers of inflammation,  VE-cad, ANG, TGF-β1 and PAI-1 

have been previously shown27 to be expressed  in the TMJ synovial fluid and 

plasma and to be correlated with the condylar morphology in OA patients. It should 

be highlighted that in the present study, those markers were obtained from saliva 

and blood samples utilizing less invasive procedures for the patient, and  circulating 

levels of pro-inflammatory proteins have been shown to contribute to the 

pathophysiology of disorders of the TMJ50. In addition, saliva has been described 

as a promising, accurate and non-invasive tool for a reliable diagnosis34. 

Complex, high-dimensional and biomedical data from multiple sources now 

benefit from data science, computational advances, and machine learning 

approaches to improve knowledge in terms of diagnosis, disease classification, 

clustering data and disease progression prediction51–54. For osteoarthritis, studies 

using mathematical algorithms for diagnosis and personalized treatment decisions 

are increasing55. We have previously shown the diagnostic performance to predict 

the disease status based on the condylar surface morphology and deep learning 

approaches29,56 and now we show an integrative approach based on clinical, 

imaging radiomics  and biomolecular patient specific data. Our in-depth statistical 

learning analysis was based on the integration of 52 features. We screened the 

diagnostic performance of each feature (Fig. 3 and 4) and built our machine 
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learning models based on the most relevant features. Our final prediction model 

had an accuracy of 0.837 with the confidence interval of ([0.750, 0.913]) to predict 

TMJ OA status using LightGBM with 52 features and 1326 interactions.  

Importantly, we show a comprehensive integration of new tools, data acquisition, 

management and approaches to improve articular joint health and predict patient-

specific TMJ OA status.  

 

Methods 

We followed the “Strengthening the Reporting of Observational studies in 

Epidemiology” (STROBE) guidelines for observational studies57.  

Study design, setting and participants. After the Institutional Review Board 

approval (HUM00105204 and HUM00113199) from the University of Michigan, we 

enrolled patients and subjects from January 2016 to December 2018 that composed 

our TMJ OA and Control groups, respectively. This cross-sectional study sample was 

composed of 92 patients, 46 TMJ OA and 46 age and sex matched control subjects 

who were selected based on rigorous inclusion criteria. All patients were examined by 

a single temporomandibular disorders specialist at the Hospital of the University of 

Michigan (Medicine Oral Surgery Clinic) through the Diagnostic Criteria for 

Temporomandibular Disorders (DC/TMD)15 for TMJ osteoarthritis diagnosis. The 

patients were diagnosed as TMJ OA when they presented pain in at least one TMJ for 

less than 10 years, TMJ noise during movement or function in the last 30 days and 

crepitus detected during mandibular excursive movements. The Control group 

subjects were recruited by advertisement and evaluated for the absence of TMJ OA. 

The diagnosis was confirmed  utilizing the radiographic criteria16, including the 

presence of subchondral cyst, erosion, generalized sclerosis and/or osteophytes. The 

joint side of choice used for analysis was the side with most severe clinical symptoms 

and radiographic signs in the TMJOA group and the matching control condyle.  

Variables. Our study was composed by 3 main sub-groups of variables, which were: 

biomolecular features (composed by proteins of serum and saliva), imaging features 

(composed by trabecular bone radiomics and morphometry) and clinical features.  

Biomolecular data: We evaluated 14 proteins in serum and saliva associated with 

arthritis initiation and progression, such as nociception, inflammation, angiogenesis 

and bone resorption, which were: 6ckine, Angiogenin, BDNF, CXCL16, ENA-78, 
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MMP-3, MMP-7, OPG, PAI-1, TGFb1, TIMP-1, TRANCE, VE-Cadherin and 

VEGF. However, the expression of 6ckine was not expressed in the serum and saliva 

samples in this study, and MMP-3 was not expressed in saliva. The raw data can be 

seen in the supplementary Fig. 2. 

Blood and saliva acquisition protocol. The participants had 5 ml of venous blood 

collected by a trained nurse at the University of Michigan. The blood was centrifuged 

for 20 minutes at 1000 RPM to separate only the serum that was then aliquoted in 2 

ml Eppendorf tubes and stored at -80C. For the saliva collection, the participants 

received a 14ml sterile test tube with a funnel inserted; they were instructed to tilt 

their head forward and drip the saliva off into the tube until 2ml was collected. They 

were informed to not spit, talk, or swallow during this process58.  

Custom Micro-Array. Custom human Quantibody® protein microarrays obtained 

from RayBiotech, Inc. Norcross, GA, were used to quantitatively assess the saliva 

and serum samples for the 14 specific biomarkers. Each participant had duplicates 

run for the saliva and serum samples (detailed description provided by Jiang et al.59 

and Huang et al.60). Supplementary Fig. 1 shows the raw values obtained for each 

participant and the supplementary Fig. 3 shows the standard curve for each protein 

analyzed. 

Clinical Signs and Symptoms Acquisition Protocol. The same investigator 

collected and measured the clinical signs and symptoms of the participants based on 

the DC/TMD15 criteria. The variables measured and selected for further statistical 

analysis were:  Age pain began in years - TMJ OA Group only, Current Facial Pain -

TMJ OA Group only, Worst Facial Pain in last 6 months -TMJ OA Group only, 

Average Pain -TMJ OA Group only, Last 6 Months Distressed by Headaches, Last 6 

Months Distressed by Muscle Soreness, Vertical Range Unassisted Without Pain 

(mm), Vertical Range Unassisted Maximum (mm), Vertical Range Assisted Maximum 

(mm).  

Imaging data acquisition. We acquired cone-beam computed tomography scans of 

each subject using the 3D Accuitomo (J. Morita MFG. CORP Tokyo, Japan) machine 

at the University of Michigan, School of Dentistry. The protocol for the 

temporomandibular joint high resolution CBCT was: field of view 40x40 mm; 90 kVp, 

5 mAs, scanning time of 30.8 s and a voxel size of 0.08 mm3. The images were 

exported in DICOM (.dcm) using the manufacture software: i-Dixel (J. Morita MFG. 
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CORP Tokyo, Japan) and optimization manufacture filter: G_103+H_009. Finally, the 

images were coded and de-identified to avoid investigator bias in the statistical 

analysis. 

Imaging trabecular texture based features. We previously described the optimal 

parameters to extract radiomic features from the HR-CBCT scans in our study 

conditions and we followed these parameters to extract the information from our 

imaging data, using the BoneTexture module26. The region analyzed was the internal 

condylar lateral region (Fig. 6) due to our pilot results that showed this region to be 

the most significantly different between Control and TMJ OA patients. The textural 

information evaluated were: Energy, Entropy, Inverse Difference Moment, Inertia, 

Haralick Correlation, Short Run Emphasis, Long Run Emphasis, Grey Level Non 

Uniformity, Run Length Non Uniformity, Low Grey Level Run Emphasis, High Grey 

Level Run Emphasis, Short Run Low Grey Level Emphasis, Short Run High Grey 

Level Emphasis, Long Run Low Grey Level Emphasis, Long Run High Grey Level 

Emphasis, Bone Volume, Trabecular Thickness, Trabecular Separation, Trabecular 

Number and Bone Surface to Bone Volume Ratio.  

Fig. 6 - Image volume of interested selection to extract radiomics and bone morphometry 

features. 

 

Exploratory tests. We first did a traditional statistical analysis to explore our data 

and to test the hypothesis that there is no difference between our groups. Our data 

does not show normality distribution and for this reason, we chose non-parametrical 

tests for our analysis. The descriptive analysis, Mann-Whitney U test was done using 

the software GraphPad Prisma V 8.11 (GraphPad Software, Inc., San Diego, CA). 

For the descriptive analysis, we showed the median in addition to the mean, the 95% 

confidence intervals and the standard deviation. The Mann-Whitney U test was used 

to test our hypothesis and we used a two tailed test with α of 5%.  
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Machine learning approaches. We diagnose the OA/control disease status based 

on the 52 features including five clinical variables, 20 radiomic features, 25 

bimolecular features (13 from serum and 12 from saliva) and two demographic 

variables (age and gender). First, we normalized all features to have zero mean and 

one standard deviation. Next, we calculated the AUROC (Area under the Receiver 

Operating Characteristic curve), p-value and q-value61 from a two-sample Mann-

Whitney U test to evaluate the significance of each feature (Fig. 3).  Afterwards, we 

compared four different prediction methods, each of which follows the four steps: (I) 

Cross validation to avoid overfitting (II) feature selection (III) risk prediction (IV) 

method evaluation. We used one-sided paired DeLong test62,63 to validate the 

significance of AUC comparison between different approaches. 

Cross validation (CV). We applied the leave-one-out CV by taking n-1=91 

individuals as training and the remaining one subject as validation for n times. At 

each time, we normalized the original 52 features denoted as F1 based on the 

training subjects and then took the product between each pair of them to generate 

additional 1326 interactions and denoted the set of 1378 features as F2. We 

performed the following two-step procedures by using only the training dataset and 

feature pools F1 and F2, respectively, where F1 represents the set of original 52 

features, and we took the product between each pair of F1 to generate an additional 

1326 interactions and denoted the set of 1378 features as F2. 

Feature selection. We calculate the AUC for each single feature in F2 and select top 

features according to {f ∈ F1 |AUC of f >0.7} and {f ∈ F2 |AUC of  f >0.7} for feature 

pools met F1 and F2, respectively. 

Evaluation and risk prediction. We trained the logistic regression model (method 

P1), Extreme Gradient Boosting (XGBoost; method P2)35, Light Gradient Boosting 

Machine (LightGBM; method P3)36 model by using the extracted features from the 

last step for risk prediction of the validation subject. For both XGBoost and LightGBM 

models, we we fix the depth D=1, and tune the iteration steps by further splitting the 

training subjects into training and validation subjects for 10-fold cross validation, 

where AUC is chosen as the evaluation criterion. We evaluate the prediction 

performance of four pairs of feature set and methods  (F1, P1), (F2, P1), (F2, P2) and 

(F2, P3) by using the accuracy, precision, recall, AUROC and F1-score64 on the 

leave-one-out CV validation subjects.   We also compare the results with other 
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different hyperparameters. For example, we show in Table 2 the results for    the 

results for   min_child_weight W{1,2}, colsample_bytree C{0.5,0.7}, subsample S 

{0.5,0.7} and the learning rate {0.001,0.01}. Our results showed that the LightGBM 

(F2, P3) with W=1, C=0.7, S=0.5, =0.01 has the best performance on the validation 

subjects; meanwhile, the results of LightGBM are robust to the variation of those 

hyperparameters, in comparison to XGBoost. 

Data availability. The data analyzed are available from the corresponding author on 

reasonable request. 

Code availability. Source code for the Computation and Integration web system 

(DSCI) is available at https://github.com/DCBIA-OrthoLab/shiny-tooth and for the 

Data Base interactor 3D-slicer Plugin: https://github.com/DCBIA-

OrthoLab/DatabaseInteractorExtension. 
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Supplementary Figure 1 - Descriptive values for each variable used in this study and their 
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Supplementary Figure 2 - A. Summary report for each protein, saliva and serum values are 

together. LOD: limit of detection; B. Values for each subject, saliva and serum separately. 
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Supplementary Figure 3 - Micro-array standard curves for each protein 

 

 

 
 
 
 
 
 
 
 
 
 



81 

 

4 CONCLUSÃO 
 

Essa tese demonstrou por meio de 3 artigos científicos a viabilidade do uso 

de imagens de alta resolução de TCFC, marcadores moleculares, dados clínicos e 

inteligência artificial para diagnóstico da osteoartrite nas ATMs. Nosso primeiro 

trabalho demonstrou que o modulo Bonetexture do software 3D-Slicer pode ser 

utilizado para avaliar e extrair marcadores por imagem de TCFC de alta resolução. 

Já o segundo artigo, atualmente em revisão demonstrou que os marcadores de 

imagem, também conhecidos como radiomics são capazes de diferenciar com 

significância estatística pacientes controle e com OA nas ATMs. Por fim, nosso 

terceiro artigo demonstrou que uma análise integrativa com machine learning e 

marcadores moleculares, dados clínicos e por imagem é capaz de geral um modelo 

com alta acurácia para diagnosticar a presença ou ausência de osteoartrite nas 

ATMs em nossa amostra. 
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