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Contextualizacao
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Fonte: https://beamandrew.github.io/deeplearning/2017/02/23/deep_learning_101_partl.html




Contextualizacao
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Ferramentas CAD

e Surgiram na década de 1960-1970

— 1963: Diagnostico de Osteosarcoma
— 1972: Cancer de Mama
— 1973: Reconhecimento de padroes em raio X de

torax

Fonte: https://www.siemens-healthineers.com/en-uk/mammoaraphy/news/history-of-computer-aided-detection.htm



https://www.siemens-healthineers.com/en-uk/mammography/news/history-of-computer-aided-detection.html

Ferramentas CAD

e Na década de 1980 no Kurt Rossmann
Laboratories popularizaram-se os sistemas
CAD para radiologia:

— 1987: Auxilio-Diagnostico de nodulos

pulmonares
— 1987: Auxilio-Diagnostico de
microcalcificacdes em mamografia [

Kunio Doi

Fonte: https://radiology.uchicago.edu/directory/kunio-doi



Ferramentas CAD

e 1998: primeiro sistema aprovado pelo FDA
para auxilio-diagnostico de
microcalcificacdoes em mamografias

Fonte: http://spie.orga/news/computer-aided-diagnosis-becomes-a-reality-in-mammography?SSO=1



http://spie.org/news/computer-aided-diagnosis-becomes-a-reality-in-mammography?SSO=1

Ferramentas CAD

Sistemas que auxiliam o processo de trabalho
do profissional assistencial mas nao sao
responsaveis pela decisao diagnostica e
conduta:

Segmentacao de Imagens
Auxilio-Diagnostico (Classificacao)
Prognostico de Tratamento
Prognostico de Cura

Calculo de Sobrevida

Criacao e enriguecimento de imagens




Ferramentas CAD

e Computer-Aided Detection (CADe):
— Principal objetivo: localizacao dos nodulos
— Usualmente composto das fases:

e Segmentacao

e Selecao de ndédulos

e Analise de nodulos

e Eliminacao de falsos positivos




Ferramentas CAD

e Computer-Aided Diagnosis (CADx):
— Principal Objetivo: classificacao
— Usualmente composto das fases:

e Extracao de caracteristicas
e C(lassificacao das caracteristicas




Deep Learning
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Fonte: http://www.asimovinstitute.org/neural-network-zoo/




Multimodal Deep Learning

e Area comecou a ser re-estudada no comeco
desta década

e Utilizam arquiteturas profundas que aceitam
multiplas entradas
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Fonte: XU, Tao et al. Multimodal deep learning for cervical dysplasia diagnosis. In: International Conference on Medical
Image Computing and Computer-Assisted Intervention. Springer, Cham, 2016. p. 115-123.




Estratégias de Fusao de Dados

e Fusao Antecipada
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Estratégias de Fusao de Dados
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Estratégias de Fusao de Dados

e Fusao Tardia
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e Uma Arquitetura de Aprendizado Profundo
Multimodal para Auxilio no Diagnostico de
Hepatocarcinoma
— ldentificar a arquitetura e estratégia de

fusao dos dados com maior precisao

— Quantificar diferenca de precisao entre
redes multimodal e unimodal para
diagndstico de HCC




Xception Multimodal (Fusao Intermediaria)
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Prognostico de Expansao e Invasao de
Células Cancerigenas

Invasion Network
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Fonte: Zhang, L., Lu, L., Summers, R. M., Kebebew, E., & Yao, J. (2017). Convolutional invasion and expansion
networks for tumor growth prediction. IEEE transactions on medical imaging, 37(2), 638-648.




Segmentacao de Sarcoma de Tecidos Moles
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Fonte: GUO, Zhe et al. Deep Learning-Based Image Segmentation on Multimodal Medical Imaging. IEEE Transactions
on Radiation and Plasma Medical Sciences, v. 3, n. 2, p. 162-169, 2019.




Segmentacao de Gliomas
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Fonte: MLYNARSKI, Pawel et al. 3D convolutional neural networks for tumor segmentation using long-range 2D context,
Computerized Medical Imaging and Graphics, v. 73, p. 60-72, 2019.




Auxilio-Diagnostico de Tumor Cerebral
(Glioblastoma vs Linfoma)

MR Images

Supervised leaming with

Feature selection SVM, GLM, or RF

Handcrafted feature

extraction

(Radiomics features)
Multilayer perceptron network classifier
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CNN-based end-to-end classifier
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VS.
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Fonte: YUN, Jihye et al. Radiomic features and multilayer perceptron network classifier: a robust MRI classification
strategy for distinguishing glioblastoma from primary central nervous system lymphoma. Scientific reports, v.9,n. 1, _

p. 5746, 2019.




Prognostico da morfologia do tumor e

Enriquecimento de Imagens
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Fonte: SMEDLEY, Nova F.; HSU, William. Using deep neural networks for radiogenomic analysis. In: 2018
IEEE 15th International Symposium on Biomedical Imaging (ISBI 2018). IEEE, 2018. p. 1529-1533.




Prognostico de Quimiorradiacao
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Fonte: BIBAULT, Jean-Emmanuel et al. Deep Learning and Radiomics predict complete response after
neo-adjuvant chemoradiation for locally advanced rectal cancer. Scientific reports, v. 8, n. 1, p. 12611,

2018.




Auxilio-Diagndstico de Cancer Bucal
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Fonte: UTHOFF, Ross D. et al. Point-of-care, smartphone-based, dual-modality, dual-view, oral cancer
screening device with neural network classification for low-resource communities. PloS one, v. 13, n. 12, p.
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