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RESUMO

O presente estudo teve como objetivo avaliar a capacidade de uma ferramenta
orientada por inteligéncia artificial (IA) segmentar o canal mandibular (CM) com o
loop anterior (LA) acuradamente e em tempo habil através de imagens de tomografia
computadorizada de feixe conico (TCFC). Para a otimizagcdo da rede de IA
desenvolvida e capaz de realizar segmentagcédo por voxel do CM, o treinamento da
rede para a detecg¢ao de LA utilizou 93 exames de TCFC, os quais apresentavam 30
CMs com LA. Os exames de TCFC foram coletados do banco de dados do Hospital
Universitario de Leuven (UZ Leuven), provenientes de trés aparelhos de TCFC,
NewTom VGI EVO, ProMax 3D MAX e Accuitomo 170, com variagcbes dos
parametros: tamanho de campo de visao (10x10, 12x8 e 15x12), tamanho de voxel
(160, 200 e 250 ym), miliamperagem (3-8) e kilovoltagem (90 e 110). Em seguida, os
exames foram importados para a ferramenta desenvolvida e orientada por IA. Apds
a segmentacdo automatizada do CM pela ferramenta, dois radiologistas orais
avaliaram em consenso a qualidade da segmentacdo, enquanto faziam pequenos
ajustes manuais quando julgavam necessarios. A validacdo da rede e sua
ferramenta foi realizada utilizando 27 exames de TCFC, e entdo foi realizada o teste
da rede para deteccdo de CM com (n=40) e sem (n=14) LA em outros 27 exames de
TCFC. O CM foi dividido em trés segbes: anterior, central e posterior, e foi
contabilizado o tempo gasto para refinar manualmente a segmentacao orientada por
IA em cada secdo. A segmentacdo orientada por IA e a segmentacéao refinada pelos
radiologistas foram exportadas em formato Standard Tessellation Language. Em
seguida, as segmentacdes foram comparadas através de valores de verdadeiro
positivo, verdadeiro negativo, falso positivo e falso negativo determinados de acordo
com os pixels que a rede de IA previu quando comparado a segmentacao refinada,
utilizada como padréo de referéncia. Tais valores serviram de base para calcular as
métricas de acuracia da segmentacao orientada por IA. Para a analise estatistica, o
teste Mann-Whitney foi aplicado para comparar as métricas de acuracia entre o CM
com e sem LA, e o teste Kruskal Wallis comparou o tempo de refinamento entre o
CM com e sem LA e, entre as se¢des do CM (a=0,05). Os resultados encontrados
ndao mostraram diferencas significativas para as métricas de acuracia da
segmentacao entre o CM com ou sem LA (Intersection over Union: 0,659 versus
0,654; Dice Similarity Coefficient: 0,792 versus 0,789; Precisao: 0,677 versus 0,668;
Recall: 0,961 versus 0,970; Acuracia: 0,998 versus 0,997; 95% Hausdorff Distance:
0,428 versus 0,429) (p>0.05). O tempo de refinamento também nao diferiu entre a
segmentacdo do CM com e sem LA, entretanto, o tempo de refinamento do CM foi
significativamente maior na secao posterior em comparacdo com as secdes anterior
e central (p<0.05). Em conclusdo, a ferramenta orientada por IA fornece
segmentacao acurada do canal mandibular, mesmo com variacdo anatémica, como
o loop anterior. Assim, acredita-se que essa ferramenta possa auxiliar o cirurgidao-
dentista durante o planejamento cirirgico em mandibula, especialmente na regido
entre os forames mentuais.

Palavras chave: Nervo Mandibular. Forame Mentual. Aprendizado Profundo.

Tomografia Computadorizada de Feixe Cénico.



ABSTRACT

The aim of the present study was to evaluate the ability of an artificial intelligence
(Al)-guided tool accurately and timely segment the mandibular canal (MC) with the
anterior loop (AL) through cone beam computed tomography (CBCT) images. To
optimize the developed Al network capable of performing voxel segmentation of the
MC, the network training for LA detection used 93 CBCT scans, which presented 30
MCs with AL. The CBCT scans were collected from the University Hospital of Leuven
(UZ Leuven) database from three CBCT scanners, NewTom VGI EVO, ProMax 3D
MAX, and Accuitomo 170, which varied field of view dimensions (10x10, 12x8, and
15x12), voxel size (160, 200 and 250 ym), milliamperage (3-8), and kilovoltage (90
and 110). Subsequently, the scans were imported into the developed Al-driven tool.
After the automated segmentation of the MC by the tool, two oral radiologists
evaluated in consensus the quality of the segmentation, while making minor manual
adjustments when deemed necessary. Validation of the network and its tool was
performed using 27 CBCT scans, and then testing of the network for MC detection
with (n=40) and without (n=14) LA was performed on another 27 CBCT scans. The
MC was divided into three sections: anterior, central, and posterior, and the time
spent manually refining the Al-driven segmentation in each section was noted. The
Al-guided segmentation and the segmentation refined by the radiologists were
exported in Standard Tessellation Language format. Then, the segmentations were
compared using true positive, true negative, false positive, and false negative values
determined according to the pixels that the Al network predicted when compared to
the refined segmentation used as a reference standard. Such values were used to
calculate the accuracy metrics of the Al-driven segmentation. For statistical analysis,
the Mann-Whitney test was applied to compare the accuracy metrics between MC
with and without AL, and the Kruskal Wallis test compared the refinement time
between MC with and without AL and, between MC sections (a=0.05). The results
found showed no significant differences for the segmentation accuracy metrics
between MC with and without AL (Intersection over Union: 0.659 versus 0.654; Dice
Similarity Coefficient: 0.792 versus 0.789; Accuracy: 0.677 versus 0.668; Recall:
0.961 versus 0.970; Accuracy: 0.998 versus 0.997; 95% Hausdorff Distance: 0.428
versus 0.429) (p>0.05). The refinement time also did not differ between MC
segmentation with and without AL, however, the MC refinement time was significantly
longer in the posterior section compared to the anterior and central sections (p<0.05).
In conclusion, the Al-driven tool provides accurate segmentation of the mandibular
canal even with anatomical variations such as the anterior loop. Thus, it is believed
that this tool can assist the dental surgeon during surgical planning in the mandible,
especially in the region between the mental foramen.

Keywords: Mandibular Nerve. Mental Foramen. Deep Learning. Cone-Beam

Computed Tomography.
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1 INTRODUCAO

Com o avanco tecnoldgico, novos métodos e técnicas estdo trazendo
possibilidades e mudando a forma de trabalhar e aprender. Este € o caso da
Inteligéncia Atrtificial (IA), definida como a capacidade de computadores ou outras
maquinas simularem comportamento inteligente (McBee et al.,, 2018), ou seja,
executar fungdes cognitivas humanas, como aprendizado e resolu¢do de problemas,
através de algoritmos sofisticados (Jiang et al., 2017; Pesapane et al., 2018). A IA foi
introduzida em meados de 1950, mas atualmente ganhou mais importancia, devido
ao maior poder computacional existente, a grande quantidade de dados disponiveis
e ao avango dos algoritmos.

O termo machine learning, foi introduzido por Arthur Samuel em 1959 para
descrever um subcampo da IA que inclui todas as abordagens que permitem que os
computadores aprendam com dados sem serem especificamente programados.
Entre as técnicas que se enquadram no ambito do machine learning, o deep learning
ou aprendizado profundo emergiu em 2010 como uma das mais promissoras
(Pesapane et al.,, 2018). Para resolver problemas mais intuitivos, a solucdo foi
permitir que os computadores aprendessem com a experiéncia e compreendessem
o mundo em termos de uma hierarquia de conceitos. A hierarquia de conceitos
permite que o computador aprenda conceitos complicados construindo-os a partir de
conceitos mais simples. Se fosse desenhado um grafico mostrando como esses
conceitos sdo construidos um sobre o outro, o grafico seria profundo, com muitas
camadas, por isso essa abordagem € chamada de aprendizado profundo da IA
(Goodfellow et al., 2016).

O deep learning, portanto, ndo é um algoritmo especifico, mas sim uma
técnica pertencente ao machine learning, que por sua vez se refere a uma familia
mais ampla da IA. Para que as técnicas de |IA sejam implementadas acuradamente,
varios passos sao necessarios, dentre eles, o treinamento do sistema utilizando um
grande conjunto de dados (Pesapane et al., 2018). Um maior nUmero de camadas
entdo, como pode haver no deep learning, aumenta a acuracia do treinamento
(McBee et al., 2018). As muitas camadas envolvidas pelo deep learning sao
compostas por redes neurais artificiais, que recebem esse nome devido a sua
estrutura ser analoga ao sistema nervoso biolégico (McBee et al., 2018). Existem
varios tipos de redes neurais profundas, mas, para a radiologia, os algoritmos de
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deep learning mais aplicaveis sao denominados Convolutional Neural Networks
(CNN) ou redes neurais convolucionais, pois possuem um desempenho eficiente na
deteccdo, segmentacao e classificacdo de imagem (McBee et al., 2018; Yasaka et
al., 2018).

A arquitetura de CNNs profundas permite a composicdo de recursos
complexos, como formas de estruturas, a partir de recursos mais simples, como
intensidades de pixels da imagem, por exemplo. Assim, é possivel decodificar dados
brutos da imagem sem a necessidade de detectar recursos especificos. Portanto, os
algoritmos de CNN buscam identificar padrdes apds serem treinados usando muitas
imagens (Jha and Topol, 2016; Pesapane et al., 2018). Isso permite aplicacées da IA
nas areas meédica e odontologica, e suas vantagens incluem melhor eficiéncia,
acuracia e agilidade durante o diagnéstico e plano de tratamento (Ossowska et al.,
2022).

Estudos avaliando aplicagdes da IA vém sendo desenvolvidos em diferentes
areas da odontologia, como cirurgia e implantodontia, odontologia restauradora,
forense, ortodontia, endodontia, periodontia, protese e educacao, por exemplo. Mas
€ a radiologia a area que mais concentra estudos e tem maior potencial de
implementacédo da IA na Odontologia (Thurzo et al., 2022). As aplicacbes da IA na
radiologia podem ser divididas em diferentes categorias: deteccéo, classificacao,
segmentacao e aprimoramento de imagem (Carrillo-Perez et al., 2022). Algoritmos
de CNN foram aplicados recentemente para deteccdo de osteoporose (Chu et al.,
2018), fratura radicular vertical (Johari et al., 2017), perda éssea periodontal (Krois et
al., 2019), para classificacao de cistos e tumores (Poedjiastoeti and Suebnukarn,
2018; Kwon et al., 2020; Lee et al., 2020), para segmentacao de dentes e estruturas
Osseas do complexo maxilo-facial (Leite et al., 2021; Fontenele et al., 2022; Gerhardt
et al.,, 2022; Preda et al., 2022) e, terceiros molares e nervo mandibular
(Vinayahalingam et al., 2019), além de aprimoramento de imagens de tomografia
computadorizada de feixe cbnico (TCFC) através da remocao de artefatos em
exames adquiridos com baixa dose de radiagdo ou do aumento de resolucéo
espacial (Hatvani et al., 2019; Hu et al., 2019). No entanto, embora os resultados
sejam considerados promissores, estes estudos ainda s&o preliminares

(Schwendicke et al., 2020). Por isso, ainda é necessario avaliar o desempenho da 1A
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ao realizar tarefas desafiadoras para o olho humano, o que poderia

significativamente contribuir durante a pratica clinica.

Um desafio encontrado por radiologistas orais e cirurgides-dentistas clinicos
durante o planejamento cirlrgico através de imagens de TCFC é a correta
identificacdo anatbmica do canal mandibular, especialmente em casos em que o
canal apresenta variagdes anatémicas, como o /oop anterior. A limitacdo da imagem
e do olho humano podem dificultar a deteccdo dessa variagdo anatdbmica, que se
apresenta como uma curvatura acentuada do canal mandibular, que se estende em
direcdo anterior e, em seguida, curva para tras e para cima em dire¢cdo ao forame
mentual, formando um /loop (de Oliveira-Santos et al.,, 2012). Sua detecgcédo é,
portanto, crucial para evitar injuria ao nervo alveolar inferior durante o
transoperatério, como para a colocacdo de implantes dentarios na regido
interforaminal, por exemplo. Contudo, a prevaléncia relatada de /loop anterior entre
estudos varia amplamente de 0% a 94%, dependendo das variagdes geograficas,
sua definicdo na imagem e métodos de avaliacdo relacionados, sugerindo a
dificuldade na correta deteccdo dessa variagao anatébmica (Brito et al., 2016;
Krishnan et al., 2018; Wong and Patil, 2018; Gupta et al., 2021; Mishra et al., 2021).

Recentemente, estudos apresentaram promissoras ferramentas de IA,
capazes de detectar acuradamente o canal mandibular a partir de imagens de
radiografia panoramica e TCFC (Jaskari et al., 2020; Kwak et al., 2020; Lahoud et
al., 2022). No entanto, ainda nao foi avaliado o desempenho de tais ferramentas na
deteccdo de variagces anatdmicas do canal mandibular. Considerando a dificuldade
da deteccdo do loop anterior por cirurgides-dentistas e a contribuicdo para um
planejamento cirdrgico mais seguro e previsivel proporcionada pela correta deteccao
do loop anterior, o objetivo nesse estudo foi avaliar a capacidade de uma ferramenta
orientada por inteligéncia artificial segmentar acuradamente e em tempo habil o

canal da mandibula e o seu loop anterior em exames de TCFC.
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2 ARTIGO

Esse artigo sera submetido a apreciacdo, visando a publicacao, ao periédico
“Scientific Reports”, considerado Qualis A1 pela CAPES. A estruturacao do artigo

baseou-se nas “Instrucdes aos autores” preconizadas pela editora do periédico.

Automated segmentation of mandibular canal and its anterior loop by deep

learning

Original Article

Corresponding author:
Nicolly Oliveira Santos

University of Campinas. Piracicaba Dental School, Department of Oral Diagnosis. Av.
Limeira, 901, Zip Code 13414-903, Piracicaba, Sao Paulo, Brazil.

Phone: +55 — 19 — 2106-5327

E-mail: nicollyos@hotmail.com




17

ABSTRACT

Accurate detection of the mandibular canal (MC) is crucial to avoid nerve injury
during surgical procedures. Moreover, the anatomic complexity of the interforaminal
region requires a precise delineation of anatomical variations such as the anterior
loop (AL). Therefore, CBCT-based presurgical planning is recommended, even
though, in cases of anatomical variations and lack of MC cortication, canal
delineation becomes a challenge. To overcome these limitations, artificial intelligence
(Al) may aid presurgical MC delineation. In the present study, the aim was to train
and validate an Al-driven tool capable of performing accurate segmentation of the
MC for also the detection and segmentation of AL. Results achieved high accuracy
metrics, with 0.997 of global accuracy for both MC with and without AL. The
presence of AL also did not influence between the MC sections, however, the
anterior and middle sections of the MC, where most surgical interventions are
performed, presented the most accurate segmentation compared to the posterior
section. The Al-driven tool provided accurate segmentation of the mandibular canal,
even in the presence of anatomical variation such as an anterior loop. Thus, the
presently validated dedicated Al-tool is promising to aid clinicians to automate

segmentation of neurovascular canals and their anatomical variations.
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INTRODUCTION

The mandibular canal (MC) extends bilaterally from the mandibular foramen to
the mental foramen carrying the inferior alveolar nerve (IAN) and blood vessels,
innervating and vascularizing the ipsilateral lower teeth and periodontal tissues
directly or through its branches. The MC crosses the mental foramen towards the
interforaminal region, where it separates into the mental canal and the incisive
canal’. While the incisive canal further emerges anteriorly, the mental canal curves
upward, backward, and lateral to reach the mental foramen 2. The mental foramen
location varies from below the mandibular canine to the first molar but is commonly
situated below the mandibular second premolar 34. Occasionally, the mental canal
curving occurs more anteriorly, then looping backward and upward forming the so-
called anterior loop (AL) of the IAN 58, Anatomical variations of the MC such as AL
are crucial to be detected to avoid nerve injury during oral and maxillofacial surgical

procedures, such as genioplasty and dental implant placement 61,

The reported prevalence of AL ranges widely from 0% to 94% depending on
geographical variations, the applied definition, and related assessment methods
351012714 thus hampering comparative studies. While some studies define AL as
being an extension without minimal distance from the mental foramen '°, other
authors suggest that this anterior extension must be at least 1mm or 2mm 36, Also,
there seems to be a relationship between the location of the mental foramen and the
presence of the AL, with the AL more often detected when the mental foramen is
located apically to the second premolar '2. To anticipate the  challenging
observations of visualization and segmentation of the mandibular canal, clinicians
may be assisted by artificial intelligence (Al) to allow for automated visualization of
the full mandibular canal trajectory. Nowadays, Al tools are more and more
introduced for use in detection and segmentation of anatomical structures and
pathology '6-'8. Considering the importance of accurately localizing the MC anatomy,
deep learning (DL) techniques were developed to automatically detect and segment
the MC using cone-beam computed tomography (CBCT) images. These canal
segmentation tools allow highly accurate results, highlighting the importance of DL to
efficient treatment planning, especially in relation to implant placement 1921,
However, there is still a need to enable generalizing the DL-tools to enable detection

and segmentation of anatomical MC variations. This surely also applies to automated
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detection and segmentation of AL. Therefore, the aim of the present study was to
assess whether a dedicated Al-driven tool is able to accurately and timely detect and
segment the MC and its AL on CBCT scans.

RESULTS

Table 1 shows the mean and standard deviation of the Intersection over Union
(loU), Dice Similarity Coefficient (DSC), 95% Hausdorff Distance (HDmm95),
Precision, Recall and Accuracy measures of the testing dataset. No significant
difference in the metrics between the segmentation of the MC with and without AL
was noted (p>0.05). Mean of Recall and Precision metrics were 0.965 and 0.672,
respectively, showing that there was more under-segmentation, but still providing a
mean global accuracy of 0.997.

The median time from Al-driven segmentation was 22.5 s, whereas the total
median time spent to the refined Al segmentation was 156 s. The time for refined Al
segmentation in the posterior section was longer than for anterior and middle
sections (p<0.05). There were no significant differences in the time needed to refine
Al segmentation of anterior and middle sections, regardless of the presence of AL
(p>0.05) (Fig.1). It implies that in the mental foramen region, the presence of the AL
did not compromise Al segmentation. The anterior and middle sections also
presented the most accurate Al segmentation.

Table 1. Mean (standard deviation) of the Al segmentation metrics of the mandibular canals
with and without anterior loop (control)

Mandibular Al segmentation metrics

canals loU DSC Precision Recall Accuracy HDmm95
Anterior Loop 0.659 (0.076) 0.792 (0.053) 0.677 (0.075) 0.961 (0.035) 0.998 (0.001) 0.428 (0.102)
Control 0.654 (0.057) 0.789 (0.044) 0.668 (0.061) 0.970 (0.026) 0.997 (0.001) 0.429 (0.039)

(p>0.05)
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Figure 1. Refined Al segmentation time for the 3 sections. Each point represents a value.
Bars = median, Swiss = interquartile deviation.

* Significantly different than other sections.

DISCUSSION

The correct detection of the MC is crucial to avoid trans-operative nerve injury.
However, in cases of anatomical variations of the MC, such as AL, correct
identification becomes a challenge, even for oral radiologists and surgeons. In such
cases, the detection by Al may overcome the limitation of the human eyes. In our
study, besides segmentation of the MC achieving much better metrics than previous
Al based segmentations of the MC on CBCT images 92!, the present study is the
first to show an unique optimized Al network detecting anatomical variations such as
the AL. On top of that the currently described approach is based on Lahoud et al.
(2022) being the only approach to not only detect yet also to fully, timely and

accurately segment the neurovascular canal along its course in the mandible.

Due to the anatomic complexity of the mental foramen region, such as the
presence of AL, many authors highlighted the importance of the preoperative
diagnosis with CBCT images during surgical planning near to the mental foramen
3691422 Even though, there is a high variability in the prevalence, length, gender,
and side distribution of AL in various populations since the studies have a high
heterogeneity of methodology to evaluate it '2. Because of this variability, some
authors stated it is difficult to recommend reliable fixed safety margins for surgical
procedures such as implant placement 2223, Following the methodology of Krishnan
et al. (2018), we only considered AL if it was bigger than 1mm, also considering that
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a bigger variability from the regular curse of the MC would bring a bigger challenge
for the Al network to recognize. Notwithstanding, there was not difference in the Al-
driven segmentation between the MC with and without AL, demonstrating that Al may
standardize the evaluation of this anatomical variation and aid the surgical planning

of implant placement in the mental region.

It was seen more under-segmentation in the posterior section of the MC when
compared to the middle and anterior sections. To evaluate the segmentation of the
MC, Agbaje et al. (2017) also divided the MC into three sections: mental, body, and
angle regions. They observed that there was more under-segmentation of the MC in
the angle region than in the body region, besides, the mental region presented a
smaller thickness compared to the other regions 24. These results indicate that the
posterior section is the more challenging region to correct detect and, consequently,
segment the MC. The 3D U-Net network is based on localization and sparse
annotation slices. This network allows good results with little training since it is
applied data augmentation to learn image invariance, which is a challenge for Al 2526,
However, as the posterior section presents high variability of position and
morphology, especially close to the mandibular foramen 2728 the difference found
between the sections in our study may be related to this higher variability in the
posterior section. On the other hand, the causes of IAN injury are local anesthetic
injections, endodontics, ablative surgery, trauma, orthognathic surgery, third molar
surgery, and, especially, implant surgery 2°, most of them related to the anterior and
middle sections, where is located the mandibular teeth. Thus, the anterior and middle
sections of the MC are the most relevant sections to be correctly detected and

consequently, avoid nerve injury.

In the present study, Al validation metrics achieved a mean recall value of
0.965, showing that the Al network has an almost perfect specificity. This implies that
there is not much over-segmentation. Conversely, the mean precision value was of
0.672, explained by the under-segmentation seen in the posterior section, which also
decreased the loU values. Despite that, accuracy values showed an overall almost
perfect segmentation. The accuracy metrics are calculated based in the whole
mandibular canal segmentation and sections. If the posterior section, which is the
less relevant, was not segmented and, thus, not considered in the calculation, our
metrics would be even higher.
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Lahoud et al. (2022) observed that the algorithm seemed to perform better in
CBCTs with a higher degree of cortication 2'. Since the visibility of the MC may
change according to the resolution of the CBCT acquisition protocol %, in the present
study different CBCT machines and resolution protocols were used. The use of
different resolution protocols allowed increasing generalizability of the presently
validated tool, meanwhile achieving a global accuracy of 0.997 for both MC with and
without AL. It infers that our Al-driven tool allows a good segmentation, regardless of
the cortication of the MC. Thus, it can significantly contribute to clinicians correctly

detect the MC in cases that are hard to distinguish it from the trabecular bone.

Because of Al limitations, is not possible to predict how would be the
performance of the network with scans from machines that were not used in the
training and validation of this network, however the present Al network was trained
with scans from different CBCT machines and different acquisition parameter trying
to overcome this limitation. Moreover, other anatomical variations can vary even
more the shape and localization than the AL, that is the case of bifid canal and
double foramen. The higher variability of these anatomical variations would add more
challenge to the algorithm. The anterior extension of the MC (i.e. incisive canal)
should also be tested. New studies should be developed to investigate the
detectability of the MC in these cases.

From the present validation study, it could be concluded that the Al-driven tool
provided accurate segmentation of the mandibular canal, even in the presence of
anatomical variation such as anterior loop. The presently validated dedicated Al-tool
is promising to aid clinicians to automate detection of neurovascular canals and their
anatomical variations. This tool may help clinicians during surgical planning, such as

implant placement, especially in the interforaminal region.

MATERIAL AND METHODS

The study was approved by the Ethical Committee Research UZ/KU Leuven
(protocol S66447). The current Al network was previously trained and validated by
Lahoud et al. (2022), as follows 2.
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Al network development

CBCT scans were randomly collected from the local database. The CBCT
scans used were from dentate patients (mean age 2511 years old) that acquired the
images for oral surgical purposes. The CBCT devices used to acquire the scans were
NewTom VGI EVO (QR Verona, Cefla, Verona, ltaly), ProMax 3D MAX (Planmeca,
Helsinki, Finland), Accuitomo 170 (Morita, Kyoto, Japan), and Scanora 3Dx
(Soredex, Tuusula, Finland). To increase the robustness of the Al network, CBCT
scans varying field of view (FOV) dimensions (8x8 to 23x26 cm), voxel sizes (125 to
400 um), presence of artifacts, spatial resolution, and degrees of MC cortication were
selected.

For initially training the Al network, 40 CBCT scans were imported into
Romexis software version 5.2.1.R (Planmeca, Helsinki, Finland) for tracing the MC
using the built-in tool for nerve annotation. This initial training allowed the
development of an initial version of a DL network, capable of performing accurate
voxel-wise MC segmentation, denoted as Virtual Patient Creator (Relu BV, Leuven,
Belgium). Then, 126 new CBCT scans were imported into this DL network for the
segmentation of the MC limits on cross-sectional slices by two oral radiologists.
Afterwards, these segmentations were doubled checked and used to train, refine,
and robust the DL network. In addition, data augmentation strategies were applied to
artificially increase the dataset and improve the generalizability and robustness of the

model 21,

The architecture to develop the MC segmentation output was based on
multiple 3D U-Net networks, being encoder-decoder fully convolutional networks
(FCN) with skip connections, applied in medical segmentation problems. The applied
FCNs had two paths to allow better performance in classification and high-resolution
segmentation of large images 2'26. In the contracting path, the images were
downsampled through convolutions, rectified linear unit (ReLU), and max pooling
operations. Aiding to keep the border pixels that are lost in every convolution, skip
connections propagated the context information to the symmetrical counterparts in
the expansive path. Then, in the present study, the first path (encoder) performed a
rough coarse segmentation of the MC, and the second path (decoder) refined the
rough segmentation provided for the first path, producing a full-resolution MC
segmentation. For this, the encoder extracted the features from the input image,
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creating a feature map with global information about the image. The decoder
generated a dense segmentation mask of the input. Subsequently, skip connections
were applied to combine the feature maps from the encoder to the decoder and
improve the localization of the network. Then, a semantic segmentation combined

the feature maps from all the layers of the decoder into one single output 26 (Fig.2).
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Figure 2. Representation of the 3D U-Net architecture. Adapted from Ronneberger et
al. (2015)

Al network optimization

For Al network optimization for the detection of AL, 93 new CBCT scans from
the UZ Leuven Hospital database were collected for further training of the network,
which included 30 MC with AL, totalizing 219 CBCT scans used for training of the
network. The CBCT scans selected for the Al network optimization were from three
different CBCT devices NewTom VGI EVO (QR Verona, Cefla, Verona, ltaly),
ProMax 3D MAX (Planmeca, Helsinki, Finland), and Accuitomo 170 (Morita, Kyoto,
Japan), acquired varying FOV dimensions (10x10, 12x8, and 15x12 cm), voxel sizes
(160, 200, and 250 um), mA (3-8), and kV (90 and 110). Besides it, to increase the
robustness of the network, the CBCT scans used in this step were from completely
dentate or edentulous zone patients (age between 20-51 years old), varying the
presence of artifacts and degrees of mandibular canal cortication, which could be

fully corticated, partially corticated, or non-corticated. It was excluded from the
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sample CBCT scans which FOV dimension did not allow to see completely left and
right MC, and CBCT scans with movement artifact that duplicated the MC course.

The presence of AL was established as described by de Oliveira-Santos et al.
2012. It implied assessing the horizontal distance between the tangent lines to the
most anterior part of the loop and those to the anterior border of the mental foramen
6. One radiologist measured this distance in a sagittal view oriented according to the
mandible body. This measure was re-evaluated by another radiologist with more than
5 years of experience. Only cases of AL with 2 1 mm (Fig. 3) were considered 3. MC
segmentation of the cases was generated by Al (Fig. 4), Then two experts in oral
radiology performed consensus segmentation and if needed, they jointly adjusted
manually the path, shape, and width of the canal as well as over- and
underestimations on cross-sectional slices when deemed necessary (Fig. 5). During
training, data augmentation techniques were applied to artificially increase the
dataset. The techniques included random cropping and affine transformations

(scaling, rotation, translation, shear, mirroring, and elastic deformations).

Figure 3. Schematic representation of the
measurement of the anterior loop on a

reconstructed panoramic image
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With Anterior Loop Without Anterior Loop

Figure 4. Representation of the segmentation of the mandibular canal with and without an
anterior loop

Figure 5. Mandibular  canal
segmented seen in a 3D view (A),
Axial view (B), Sagittal view (C), and
Coronal view (D)

Validation and Testing of the Al optimized network

Subsequently, 27 CBCT scans were used in the validation step to assess the
performance of the Al-driven segmentation tool and ensure that there was not
overfitting of the sample. Then, another 27 CBCT scans were used to the testing step
(Fig. 6), in which 40 MC had AL, while 14 had no anatomical variation of the MC
(control group). The MC was divided into three sections: anterior (region of premolars
and first molar), middle (region of second and third molars) and posterior (posterior
region to the third molar until the mandibular foramen) (Fig. 7). Then, time to adjust
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Al-driven segmentation was noted for each of the 3 sections, primarily to allow a
separate analysis for the anterior section being crucial for surgery in the canine and
premolar area, surely in presence of AL. Furthermore, correct detection of the middle
section is essential for e.g. implant placement and third molar removal. Finally, the
posterior section and the full neurovascular canal segmentation is crucial for
orthognathic surgery, trauma, and other maxillofacial surgical procedures.

Training of the Al
network for MC
segmentation

Development of
the Al network

40 CBCT scans,

126 CBCT scans

Training of the Validation of the Testing of the
optimization of the optimization of the optimization of the
Al network for AL Al network for AL Al network for AL
detection detection detection
93 CBCT scans 27 CBCT scans 27 CBCT scans
Training Validation Testing
80% of the sample 10% of the sample 10% of the sample

Figure 6. Flowchart of the distribution of the sample during the training, validation and testing
of the Al network. Blue forms were performed by Lahoud et al. (2022) while the yellow steps
were performed in the present study

Figure 7. Mandibular canal divided into three sections: Anterior (Yellow), Middle (Blue) and
Posterior (Pink)
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The time spent to automatically segment the MC and to perform expert-
refinements of Al-driven over- and under-segmentation was recorded in each
section. Segmentation of the Al-driven tool and its refinements were exported as
Standard Tessellation Language files. The refined Al segmentation was considered
the ground truth, then voxel-level annotations were used to calculate the values of
true positive (TP), false positive (FP), true negative (TN), and false negative (FN)
regarding the number of pixels that the method predicted, as described.

TP: Voxels segmented by Al and segmented by the ground truth.

FP: Voxels segmented by Al and non-segmented by the ground truth.

TN: Voxels non-segmented by Al and non-segmented by the ground truth.
FN: Voxels non-segmented by Al and segmented by the ground truth.

These values were applied to calculate the accuracy metrics for comparison of
Al-driven and refined Al segmentation.

The following accuracy metrics were calculated:

e loU: Represents the similarity between the predicted object and the ground
truth counterpart (area of overlap between expert segmentation and Al-driven
segmentation that voxels exactly match). An loU of 1 is a perfect segmentation

32 |t is defined by the equation:

TP

oV = oo TP T FN

e DSC: Amount of intersection between the Al-driven segmentation and the
ground truth 33, being a DSC of 1 considered as a perfect segmentation,
defined by the equation:

2xTP

DSC =
(TP + FP) + (TP + FN)

e HDmm95: Indicates the 95" percentile of largest segmentation error
measuring the longest distance between a point in the ground truth (A) and it’s
the closest point in the Al-driven segmentation (B) measured in millimeters 34,

An HDmm95 of 0 is a perfect segmentation. Its equation is:
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95HD(A, B) = percentile [h(A,B) U h(B, A),95th]
h(A,B) = maxge,mingeg la —b |l

h(B,A) = maxyegminges | b —a |l

Precision: Based on region overlapping, measure the matching direction
between the expert manual segmentation and the Al-driven segmentation,
being the manual segmentation used as reference and 1 considered as a

perfect segmentation 3%, defined by the following equation:

TP

p . . —
recision —TP T FP

Recall: Similar to the precision measure but using the Al-driven segmentation
as reference. Precision and recall, then, measure the agreement between the
oriented boundary edge elements of the two segmentations 3. A recall of 1 is

considered a perfect segmentation. The recall equation is defined as:

TP

Recall = TP-I——FIV

Accuracy: Weighted arithmetic mean that can be expressed both as weighted
mean average of Precision and Inverse Precision and as weighted mean
average of Recall and Inverse Recall 2!, with 1 being considered as perfect

segmentation, defined by:

TP+TN
TP+TN+ FP+FN

Accuracy =

The statistical analysis was performed using the GraphPad software

(GraphPad Software, Inc., San Diego, CA, USA). The Mann-Whitney test was used
to compare the accuracy metrics between the MC with and without AL, and the
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Kruskal Wallis test compared the time of refinement between the MC with and
without AL and between the MC sections (a=5%).
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3 CONCLUSAO

A ferramenta orientada por inteligéncia artificial fornece segmentagéao acurada
do canal mandibular, mesmo na presenc¢a do /loop anterior. Assim, acredita-se que
essa ferramenta possa auxiliar o cirurgiao-dentista durante o planejamento cirargico

em mandibula, especialmente na regido entre os forames mentuais.
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Apéndice 1: Metodologia detalhada

Este estudo foi realizado com a aprovacdo do Ethics Committee Research
UZ/KU Leuven (protocol S66447) e isento pelo Comité de Etica e Pesquisa da
Faculdade de Odontologia de Piracicaba da Universidade Estadual de Campinas
(OF. CEP/FOP N.?12/2022).

Desenvolvimento da ferramenta orientada por Inteligéncia Atrtificial

A presente rede de |A foi desenvolvida por Lahoud et al. (2022) para a
deteccdo e segmentacao do canal mandibular (Lahoud et al., 2022). Inicialmente, 40
exames de tomografia computadorizada de feixe cénico (TCFC) foram selecionadas
do banco de imagens pertencente ao UZ Leuven Hospital. Os exames de TCFC
foram coletados aleatoriamente de pacientes dentados (idade média de 2511 anos)
que realizaram o exame por necessidade cirdrgica. Para aumentar a robustez da
rede de IA, os exames coletados derivaram de quatro aparelhos de TCFC: NewTom
VGI EVO (QR Verona, Cefla, Verona, Italy), ProMax 3D MAX (Planmeca, Helsinki,
Finland), Accuitomo 170 (Morita, Kyoto, Japan) e Scanora 3Dx (Soredex, Tuusula,
Finland); os quais variaram tamanho de campo de visdao (FOV) (8x8 a 23x26),
tamanho de voxel (125 a 400 um), presenca de artefatos, resolucdo espacial e,
graus de corticalizacdo do canal mandibular.

As imagens de TCFC foram importadas para o software Romexis versao
5.2.1.R (Planmeca, Helsinki, Finland) para que o canal mandibular visualizado nos
exames de TCFC fosse segmentado por um radiologista oral usando a ferramenta
de marcacao de nervo. A segmentacao realizada foi exportada em formato Standard
Tessellation Language (STL) e serviu de base para o desenvolvimento da versao
inicial da rede de IA capaz de segmentar o canal mandibular, nomeada Virtual
Patient Creator (Relu BV, Leuven, Belgium). Em seguida, novos 126 exames de
TCFC foram importadas na nova rede de IA para treinamento adicional e
refinamento da segmentacao fornecida pela rede. Para aumentar a robustez da rede
de IA, dois radiologistas segmentaram os limites do canal mandibular e checaram as
segmentacdes em consenso. Além disso, estratégias de aumento de dados foram
aplicados para aumentar artificialmente a amostra e melhorar a robustez do modelo.
Apo6s o desenvolvimento, a rede e sua ferramenta orientada por IA foi treinada e
validada para a deteccdo e segmentacdo acurada do canal mandibular. A
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ferramenta esta atualmente disponivel para uso (Fig. 1) e pode ser encontrada pelo
endereco eletrénico: https://relu.eu.

Figura 1 — Interface da ferramenta Virtual Patient Creator (Relu BV, Leuven, Belgium) apds
a importacdo do exame de TCFC e a selegdo do canal mandibular segmentado

automaticamente por inteligéncia artificial
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Arquitetura da rede de Inteligéncia Atrtificial

A arquitetura da rede de IA foi baseada na rede 3D U-Net, que € uma rede
neural completamente convolucional (FCN) codificador-decoficador com conexdes
de saida. Esse tipo de rede é amplamente aplicado em problemas de segmentacao
biomédica, tendo em vista as limitacbes que as redes neurais convolucionais tém
quanto ao uso de imagens grandes (por exemplo, TCFC com FOV amplo). Essa
abordagem, entdo, combina uma FCN com dois caminhos de convolucdo para
permitir um melhor desempenho na segmentagdo de alta resolucdo de imagens
grandes. O codificador (primeiro caminho) extrai as caracteristicas da imagem de
entrada através de operacdes de convolucao, rectified linear unit (ReLU) e, max
pooling, criando um mapa de caracteristicas com informagdes globais sobre a
imagem. O decodificador (segundo caminho), que é simétrico ao codificador, gera
uma densa mascara de segmentacdo de entrada. Entdo, conexdes de saida sao
aplicadas para combinar os mapas de caracteristicas do decodificador com o do
codificador e, assim, ajudar a manter os pixels da borda que séao perdidos em cada
convolucdo e, melhorar a localizacdo da rede. Em seguida, uma segmentacéo
semantica combina os mapas de caracteristicas de todas as camadas do
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decodificador em uma unica saida (Ronneberger et al., 2015). No presente estudo, o
primeiro caminho realizou uma segmentacdo grosseira do canal mandibular, e o
segundo caminho refinou a segmentacao grosseira fornecida pelo primeiro caminho,

produzindo uma segmentacdo do canal mandibular com alta resolugéo (Fig. 2).

Figura 2 — Representagédo da arquitetura da 3D U-Net. Adaptada de Ronneberger et al.
(2015)
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Otimizagdo da ferramenta orientada por Inteligéncia Artificial

Para a otimizacdo da ferramenta orientada por IA para a deteccdo do loop
anterior, um treinamento adicional foi realizado com novos 93 exames de TCFC, que
incluiam 30 canais mandibulares com loop anterior, totalizando 219 exames de
TCFC utilizados durante o treinamento da rede de |IA (80% do conjunto de dados).
Os exames de TCFC selecionados para a otimizacao derivaram de trés aparelhos
de TCFC, NewTom VGI EVO (QR Verona, Cefla, Verona, ltaly), ProMax 3D MAX
(Planmeca, Helsinki, Finland) e Accuitomo 170 (Morita, Kyoto, Japan), adquiridos
variando tamanho de FOV (10x10, 12x8, and 15x12 cm), tamanho de voxel (160,
200 e 250 pym), miliamperagem (3-8) e kilovoltagem (90 e 110). Além disso, para
aumentar a robustez da rede, os exames de TCFC utilizados nesta etapa eram de
pacientes completamente dentados ou com zonas edéntulas (idade entre 20-51
anos), variando a presenca de artefatos e niveis de corticalizagdo do canal
mandibular, que poderiam ser totalmente corticalizado, parcialmente corticalizado ou
nao-corticalizado. Foram excluidos da amostra os exames de TCFC que a dimensao

do FOV néao permitia ver completamente ambos os canais mandibulares, e os
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exames de TCFC com artefato de movimento que duplicaram o curso do canal
mandibular.

A avaliacdo da presenca de loop anterior foi realizada seguindo a metodologia
de Oliveira-Santos et al. (2012). Foi entdo medida a distadncia entre uma linha
tangente a parte mais anterior do canal mandibular até uma linha tangente a borda
anterior do forame mentual, as quais estavam perpendiculares a uma linha tangente
a base da mandibula (de Oliveira-Santos et al., 2012). Um radiologista mediu esta
distancia em uma vista sagital orientada de acordo com o corpo da mandibula. Esta
medida foi reavaliada por outro radiologista com mais de 5 anos de experiéncia para
que fosse confirmado o loop anterior. Somente foi considerada a presenca do loop
anterior se essa distancia fosse 2 1 mm (Fig. 3) (Krishnan et al., 2018).

Figura 3 — Representagcdo esquematica da medida do loop anterior em uma imagem

panoramica reconstruida

Os exames de TCFC foram importados na rede para que a ferramenta
orientada por |A realizasse a segmentagao automatica do canal mandibular (Fig. 4).
Em seguida, dois radiologistas orais ajustaram manualmente o caminho, formato,
espessura e sobre ou sub segmentacdo, quando em consenso julgaram necessario
(Fig. 5). Além disso, foram aplicadas técnicas para aumentar artificialmente a
amostra, como corte e transformagbes afins (escalonamento, rotacdo, translagéo,

cisalhamento, espelhamento e deformacdes elasticas).
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Figura 4 — Representacao da segmentacao do canal mandibular do lado direito (A) sem

loop anterior (seta preta) e com loop anterior (seta branca) (B) e, do lado esquerdo (C

Validacéo e Teste da rede de Inteligéncia Artificial otimizada

A fase de validacdo da rede de IA é realizada para verificar de forma
generalizada o quanto a rede consegue funcionar corretamente, com poucas
interrupcdes por humanos. Alguns requisitos para isso sdo quais objetivos a rede
deve realizar de forma autbnoma, qual conhecimento deve ter, quao robusto a rede
€ a erros, quao adaptavel é a rede, quao dindmica € em suas adaptagbes e como
deve resolver interrupcdes imprevistas (Myllyaho et al., 2021). Portanto, a validacédo
do presente estudo foi realizada para avaliar de uma forma geral o desempenho da
rede ao segmentar o canal mandibular, com e sem a presencga do loop anterior, além
de assegurar que ndo um houve um sobreajustamento da amostra. Para isso, novos

27 exames de TCFC (10% do conjunto de dados) foram utilizados.

Figura 5 — Canal mandibular
segmentado em uma vista 3D
(A), vista axial (B), vista
sagital (C) e vista coronal (D)
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Em seguida, outros 27 exames de TCFC (10% do conjunto de dados), os
quais 40 canais mandibulares possuiam loop anterior e 14 ndo possuiam, foram
utilizados para testar se a rede fornecia uma segmentacdo acurada do canal
mandibular e seu loop anterior. Para avaliar a segmentacao fornecida pela IA em
diferentes regides do canal mandibular, especialmente na regido anterior, préxima
ao forame mentual, onde o /oop anterior fica localizado, foi dividido o canal
mandibular em trés secbes: anterior (regido de pré-molares de 1° molar), central
(regiao de 2° e 3° molar) e posterior (regido posterior ao 3° molar até o forame
mandibular) (Fig. 6). A correta deteccdo da secado anterior é, portanto, crucial para
cirurgias na regido interforaminal. A seg¢do central € importante para cirurgia de
remocao de terceiros molares ou colocagdo de implantes dentarios. Ja a secao
posterior e a segmentacdo completa do canal mandibular é crucial para casos de
cirurgia ortognatica, trauma e outros procedimentos cirargicos englobando o
complexo maxilofacial. Entdo, foi contabilizado o tempo necessario para a
segmentacado automatica do canal mandibular pela IA e, para ajustes de sobre e/ou

sub contorno realizados por um especialista, em cada secao.

Figura 6 — Canal mandibular divido em trés segbes: Anterior (amarelo), central (azul) e

posterior (rosa)

Posteriormente, a segmentacao orientada por IA e a segmentagéao refinada
pelo especialista foram exportadas como arquivos de STL. A segmentacéao refinada

pelo especialista serviu como padrao de referéncia para que anotac¢des do nivel de
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voxel segmentados fossem utilizadas para calcular os valores de verdadeiro positivo

(VP), falso positivo (FP), verdadeiro negativo (VN) e falso negativo (FN) da

segmentacao orientada por IA, como descrito.

VP: Voxels segmentados pela IA e segmentados pelo padrao de referéncia.

FP: Voxels segmentados pela IA e ndo segmentados pelo padrdo de referéncia.

VN: Voxels ndo segmentados pela IA e ndo segmentados pelo padrao de referéncia.

FN: Voxels ndo segmentados pela IA e segmentados pelo padrao de referéncia.

Esses valores foram utilizados para calcular as métricas de acuracia da

segmentacéao orientada por |A, como se segue:

Intersection over union (loU): Representa a semelhanca entre o objeto
previsto e o padrao de referéncia (area de sobreposicdo entre a segmentacao
refinada e a segmentacao orientada por |IA que correspondem exatamente
aos voxels). Uma loU de 1 é uma segmentacédo perfeita (Rezatofighi et al.,
2019). Ela é definida pela equacao:

VP

loU = oo VP 7N

Dice Similarity Coefficient (DSC). Quantidade de intersecdo entre a
segmentagédo orientada por |A e o padrdo de referéncia, sendo DSC de 1
considerado uma segmentacéo perfeita (Popovic et al., 2007), representada
pela equacéo:

2xVP

DSC =
(VP + FP) + (VP + FN)

95% Hausdorff Distance (HDmm95): Indica o percentil 95° do maior erro de
segmentacdo medindo a maior distancia entre um ponto do padrdo de
referéncia (A) até o ponto mais préximo na segmentacao orientada por IA (B)
medido em milimetros. Um HDmm95 de 0 é uma segmentacgao perfeita (Liu et
al., 2021). Sua equacao é:

95HD(A, B) = percentile [h(A,B) U h(B, A),95th]
h(A,B) = max,e,mingeg l a — b ||

h(B,A) = maxycgminges | b —a |l
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e Precisgo. Com base na sobreposicdo de regides, mede a direcdo de
correspondéncia entre a segmentacdo refinada pelo especialista e a
segmentacao orientada por IA, sendo a segmentacao refinada usada como
referéncia e o valor de 1 considerado como uma segmentacdo perfeita

(Zhang et al., 2015), definida pela seguinte equacao:
VP
VP + FP

Precisao =

e Recall: Semelhante a Precisdo, mas usando a segmentacao orientada por IA
como referéncia. Precisdo e recall, entdo, medem a concordancia entre os
elementos de limite de borda orientados das duas segmentacdes (Zhang et
al., 2015). Um recall de 1 é considerado uma segmentacdao perfeita. A

equacao de recall é definida como:
veP

Recall = VP-l-—F]V

e Acuracia: Média aritmética ponderada que pode ser expressa como média
ponderada de precisao e precisao inversa e como média ponderada de recall
e recall inverso (Powers, 2020), com 1 sendo considerado uma segmentagéo
perfeita, definida por:

VP +VN
VP+VN+FP+FN

Acuricia =

Analise Estatistica

A andlise estatistica foi realizada utilizando o software GraphPad (GraphPad
Software, Inc., San Diego, CA, USA). Foram aplicados os testes Mann-Whitney para
comparar as métricas de acuracia entre a segmentacao do canal mandibular com e
sem Joop anterior, e Kruskal Wallis para comparar o tempo de refinamento da
segmentagdo entre o canal mandibular com e sem loop anterior e entre as secoes

do canal mandibular. O nivel de significancia adotado foi de 5%.
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Anexo 1: Isencido do Comité de Etica em Pesquisa (FOP-UNICAMP)

l Faculdade de Odontologia de Piracicaba
UNICAMP

Lo

2

OF. CEP/FOP N. 2 12/2022
Piracicaba, 29 de Setembro de 2022.

lima Srta.

Nicolly Oliveira Santos

Doutoranda no PPG em Radiologia Odontolégica,
Faculdade de Odontologia de Piracicaba/UNICAMP

Prezada Nicolly,

Apés analisar a documentacdo apresentada ao CEP-FOP, com respeito ao
manuscrito “Automated detection of the mandibular canal and its anterior loop by
deep learning”, dos autores Nicolly Oliveira-Santos, Reinhilde Jacobs, Fernando Fortes
Picoli, Pierre Lahoud, Liselot Niclaes e Francisco Carlos Groppo, informo que este
manuscrito ndo necessita, em principio e de acordo com as informagdes oferecidas no
material encaminhado, ser submetido por meio da Plataforma Brasil a andlise por um
Comité de Etica em Pesquisa com Seres Humanos no Brasil.

As informagbes enviadas em e-mail de 26/09/2022 e em dois arquivos
anexados ao mesmo (“Manuscript.pdf” e “Ethical Approval Letter_Artigo 2.pdf”)
indicam que a pesquisa foi realizada com imagens de Tomografia Computadorizada
Cone-Beam de um arquivo da UZLeuven, Leuven, Bélgica, envolveu seres humanos e
foi aprovada pelo “Ethics Committee Research UZ/KU Leuven”. Considerando que o
estudo ndo envolveu material oriundo de individuos no Brasil, as Resolugdes
pertinentes do CNS ndo indicam a necessidade do mesmo ser submetido a avaliagdo
de um CEP no Brasil.

Esclareco que as informagdes fornecidas sobre este projeto serdo arquivadas
pelo CEP-FOP-UNICAMP por cinco anos. Colocamo-nos a disposi¢do para qualquer
informagdo adicional que julgar necessdria.

Cordialmente,

s

Prof. Jacks Jorge Junior
Coordenador

Av. Limeira, 901 - Bairro Arclio - PIRACICABA /SP - CEP 13.414.903 - Caixa Postal 52

Fone/Fax: (19) 2106.5349 - E-Mail: cep@fop. unicamp. br
Home Page: htp://www.fop.unicamp.brcep
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Anexo 3: Comprovante de submissao

Scientific Reports - Receipt of Manuscript ‘Automated segmentation of..."

Scientific Reports <srep@nature.com>

Qui, 02/03/2023 12:33

Para: nicollyos@hotmail.com <nicollyos@hotmail.com>

Ref: Submission ID 3d455075-459d-4991-a0c4-3d6d14122515

Dear Dr Oliveira-Santos,

Thank you for submitting your manuscript to Scientific Reports.

Your manuscript is now at our initial Technical Check stage, where we look for adherence to the journal's submission guidelines, including any relevant editorial and
publishing policies. If there are any points that need to be addressed prior to progressing we will send you a detailed email. Otherwise, your manuscript will proceed
into peer review.

You can check on the status of your submission at any time by using the link below and logging in with the account you created for this submission:

https://researcher.nature.com/your-submissions?utm source=submissions&utm medium=email&utm campaign=confirmation-email&journal id=41598

Kind regards,

Peer Review Advisors
Scientific Reports

Springer Nature offers an open access support service to make it easier for our authors to discover and apply for APC funding. For further information please visit

http://www.springernature.com/gp/open-research/funding



