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DEFINITIONS
Artificial Intelligence
•

A branch of computer science dealing with the simulation of intelligent behaviour in
computers

Machine learning
•

The process by which a computer is able to improve its own performance by
continuously incorporating new data into an existing model

Deep learning
•

Family of machine learning methods based on artificial neural networks with
multiple layers between the input and output layers

Source: Nadia BERCHANE (M2 IESCI, 2018)

TRENDING
artificial intelligence

deep learning

Source: trends.google.com

AI APPLICATIONS IN ONCOLOGY
Translational oncology
Cancer imaging
Clinical outcome
Clinical decision making

AI IN TRANSLATIONAL ONCOLOGY
Analysing –omics datasets
Genomics
Poplin et al. Creating a universal SNP and small indel variant caller with deep neural networks. Nat Biotechnol. 2018; 36:983.
Sundaram et al. Predicting the clinical impact of human mutation with deep neural networks. Nat. Genet. 2018; 50:1161.
Zhou et al. Deep learning sequence-based ab initio prediction of variant effects on expression and disease risk. Nat. Genet. 2018; 50:1171 (2018).
Zhou et al. Predicting effects of noncoding variants with deep learning-based sequence model. Nat. Methods 2015; 12:931
Luo et al. Clairvoyante: a multi-task convolutional deep neural network for variant calling in single molecule sequencing. Nat Commun. 2019; 10:998.
Riesselman et al. Deep generative models of genetic variation capture the effects of mutations. Nat. Methods 2018; 15:816.
Wood et al. A machine learning approach for somatic mutation discovery. Sci. Transl. Med. 2018; 10:eaar7939.
Behravan et al. Machine learning identifies interacting genetic variants contributing to breast cancer risk: a case study in Finnish cases and controls. Sci. Rep. 2018; 8:13149.

Methylomics
Angermueller et al. DeepCpG: accurate prediction of single-cell DNA methylation states using deep learning. Genome. Biol. 2017; 18:67.

Proteomics
AlQuraishi et al. End-to-end differentiable learning of protein structure. Cell Syst. 2019; 8:292.

Microbiomics
Espinoza et al. Machine learning for tackling microbiota data and infection complications in immunocompromised patients with cancer. J. Intern. Med.2018.

Transcriptomics
van Dijk, D. et al. Recovering gene interactions from single-cell data using data diffusion. Cell 2018; 174:716.
Lin et al. Using neural networks for reducing the dimensions of single-cell RNA-seq data. Nucleic Acids Res. 2017; 45:e156.

Multi omics
Zitnik, M. et al. Machine learning for integrating data in biology and medicine: principles, practice, and opportunities. Inf Fusion. 2019; 50:71.
Camacho et al. Next-generation machine learning for biological networks. Cell 2018; 173:1581.

Source: The Cancer Genome Atlas Research Network et al. Nat Genet. 2013; 45:1113.

AI IN TRANSLATIONAL ONCOLOGY
Analysing –omics datasets
Single-cell RNA sequencing
•

•

•

•

Observed expression counts capture a small random sample
(typically 5%–15%) of the transcriptome of each cell
Lack of detection of an expressed gene (dropout)
Leading to loss of gene-gene relationships in the data
MAGIC (Markov affinity-based graph imputation of cells)
Method that shares information across similar
cells, via data diffusion, to denoise the cell count
matrix and fill in missing transcripts.
Similar to algorithms used to clarify blurry and grainy images
•

•

Source: van Dijk et al. Cell 2018; 174:716.

AI IN TRANSLATIONAL ONCOLOGY
Drug discovery // drug (target) interactions // toxicity prediction
Drug discovery // drug (target) interactions
Smalley et al. AI-powered drug discovery captures pharma interest. Nat. Biotechnol. 2017; 35:604.
Schneider et al. Automating drug discovery. Nat. Rev. Drug. Discov. 2018; 17:97.
Chakradhar et al. Predictable response: finding optimal drugs and doses using artificial intelligence. Nat. Med. 2017; 23:1244.
Feng et al. PADME: a deep learning-based framework for drug-target interaction prediction. arxiv.org 2018.
Preuer et al. DeepSynergy: predicting anti-cancer drug synergy with Deep Learning. Bioinformatics. 2018; 34:1538.
Hie, B. et al. Realizing private and practical pharmacological collaboration. Science 2018; 362:347.
Aliper et al. Deep learning applications for predicting pharmacological properties of drugs and drug repurposing using transcriptomic data. Mol Pharm. 2016; 13:2524.
Lowe et al. AI designs organic syntheses. Nature 2018; 555:592.

Success or failure of clinical trials
Gayvert et al. A data-driven approach to predicting successes and failures of clinical trials. Cell Chem. Biol. 2018; 23:1294.

Toxicity
Luechtefeld et al. Machine learning of toxicological big data enables read-across structure activity relationships (RASAR) outperforming animal test reproducibility. Toxicol. Sci. 2018; 165:198.
Lysenko et al. An integrative machine learning approach for prediction of toxicity-related drug safety. Life Sci. Alliance 2018; 1:e201800098.
Zitnik et al. Modeling polypharmacy side effects with graph convolutional networks. Bioinformatics. 2018; 34:i457.

Source: Smalley et al. Nat. Biotechnol. 2017; 35:604. // KTSDESIGN/Science Photo Library.

AI IN TRANSLATIONAL ONCOLOGY
Drug discovery // drug (target) interactions // toxicity prediction
Predictive model of drug–target interactions (DTIs)
•

•

•

•

More accurate than state-of-the-art DTI prediction methods
Neural network model
Securely train over a wide area network (WAN) in less than 4
days on a dataset with more than 1 million training instances
Discovered previously unidentified DTIs that were
experimentally validated via targeted assays

Source: Hie et al. Science 2018; 362:347.

AI IN TRANSLATIONAL ONCOLOGY
Label-free microscopy // cell sorting // cytometry
Augmented microscopy
Sullivan et al. Seeing more: a future of augmented microscopy. Cell 2018; 173:546.
Christiansen et al. In silico labeling: predicting fluorescent labels in unlabeled images. Cell 2018; 173:792.
Ounkomol et al. Label-free prediction of three-dimensional fluorescence images from transmitted-light microscopy. Nat. Methods 2018; 15:917.
Cell sorting // cytometry
Ota et al. Ghost cytometry. Science 2018; 360:1246.
Nitta et al. Intelligent image-activated cell sorting. Cell; 2018; 175:266.

Source: Sullivan et al. Cell 2018; 173:546.

AI IN TRANSLATIONAL ONCOLOGY
Label-free microscopy // cell sorting // cytometry
Fluorescence microscopy
•

•

•

•

Resolve subcellular structure in living cells
Expensive
Time consuming
Can damage cells

Source: Ounkomol et al. Nat. Methods 2018; 15:917.

AI IN CANCER IMAGING
Digital pathology
QuPath in cancer pathology as role model. Manuel Salto-Tellez

Source: Bera et al. Nat Rev Clin Oncol. 2019.

AI IN CANCER IMAGING
Radiology
Chest radiography
Nam et al. Development and validation of deep learning–based automatic detection algorithm for malignant pulmonary nodules on chest radiographs. Radiology. 2019; 290:218.
Hwang et al. Development and Validation of a Deep Learning-Based Automated Detection Algorithm for Major Thoracic Diseases on Chest Radiographs. JAMA Netw Open. 2019; 2:e191095.
Rajpurkar et al. Deep learning for chest radiograph diagnosis: A retrospective comparison of the CheXNeXt algorithm to practicing radiologists. PLoS Med. 2018; 15:e1002686.
Singh et al. Deep learning in chest radiography: detection of findings and presence of change. PLoS ONE 2018: 13:e0204155.

Chest radiography overviews
Ather et al. Artificial intelligence and radiomics in pulmonary nodule management: current status and future applications. Clin Radiol. 2019; S0009-9260:30210.
Yang et al. Deep learning aided decision support for pulmonary nodules diagnosing: a review. J Thorac Dis. 2018; 10:S867.

Mammography
Lehman et al. Mammographic breast density assessment using deep learning: clinical implementation. Radiology 2019; 290:52-58.
Kooi et al. Large scale deep learning for computer aided detection of mammographic lesions. Med. Image Anal 2017; 35:303.
Yasaka et al. Deep learning with convolutional neural network for differentiation of liver masses at dynamic contrast-enhanced CT: a preliminary study. Radiology 2018; 286:887.

AI IN CANCER IMAGING
Radiology
Pulmonary Nodules on Chest Radiographs
•

•

•

•

•

•

Deep learning–based automatic detection algorithm (DLAD)
34,067 normal chest radiographs // 9,225 with malignant pulmonary
nodules
One internal and four external validation data sets
Radiograph classification 0.92–0.99 (AUROC), 17 of 18 physicians
Nodule detection 0.831–0.924 (JAFROC FOM), 15 of 18 physicians
All physicians showed improved nodule detection performances with
DLAD

Source: Nam et al. Radiology. 2019; 290:218.

AI IN CANCER IMAGING
White-light images
Skin tumours
Esteva et al. Dermatologist-level classification of skin cancer with deep neural networks. Nature 2017;542:115.
Haenssle et al. Man against machine: diagnostic performance of a deep learning convolutional neural network for dermoscopic melanoma recognition in comparison to 58 dermatologists. Ann.
Oncol. 2018; 29:1836.
Han et al. Classification of the clinical images for benign and malignant cutaneous tumors using a deep learning algorithm. J. Invest. Dermatol. 2018; 138:1529.

Polyp detection
Mori et al. Real-time use of artificial intelligence in identification of diminutive polyps during colonoscopy. Ann. Intern. Med. 2018; 169:357.
Wang et al. Development and validation of a deep-learning algorithm for the detection of polyps during colonoscopy. Nat. Biomed. Eng. 2018; 2:741.

AI IN CANCER IMAGING
White-light images

Source: Esteva et al. Nature 2017;542:115.

Classification of skin cancer with deep neural networks
•

•

•

Google Inception v3 CNN architecture
Pretrained on the ImageNet dataset (1.28 million images // 1,000 generic object classes)
Fine-tuned with 129,450 skin lesions comprising 2,032 different diseases

AI IN CANCER IMAGING
White-light images

58 dermatologists versus CNN
•

•

•

Google Inception v4 CNN architecture
Finetuned on images from cooperating and the ISIC dermoscopic archive
Tested on 100 images with diagnostic difficulty

Source: Haenssle et al. Ann. Oncol. 2018; 29:1836.

AI IN CLINICAL OUTCOME
Survival // quality of life
Miotto et al. Deep patient: an unsupervised representation to predict the future of patients from the electronic health records. Sci Rep. 2016; 6:26094.
Elfiky et al. Development and application of a machine learning approach to assess short-term mortality risk among patients with cancer starting chemotherapy. JAMA Netw. Open 2018; 1:e180926.
Avati et al. Improving palliative care with deep learning. BMC Med Inform Decis Mak. 2018; 18:122.

Drug side effects
Zitnik et al. Modeling polypharmacy side effects with graph convolutional networks. Bioinformatics. 2018; 34:i457.

Toxicity of radiotherapy
Kang et al. Machine learning approaches for predicting radiation therapy outcomes: a clinician’s perspective. Int J Radiat Oncol. 2015; 93:1127.
Pella et al. Use of machine learning methods for prediction of acute toxicity in organs at risk following prostate radiotherapy. Med Phys. 2011; 38:2859.
Carrara et al. Development of a ready-to-use graphical tool based on artificial neural network classification: application for the prediction of late fecal incontinence after prostate cancer radiation
therapy. Int J Radiat Oncol. 2018; 102:1533.
Lee et al. Machine learning on a genome-wide association study to predict late genitourinary toxicity after prostate radiation therapy. Int J Radiat Oncol Biol Phys. 2018; 101:128.
Ibragimov et al. Development of deep neural network for individualized hepatobiliary toxicity prediction after liver SBRT. Med Phys. 2018; 45:4763.
Zhen et al. Deep convolutional neural network with transfer learning for rectum toxicity prediction in cervical cancer radiotherapy: a feasibility study. Phys Med Biol. 2017; 62:8246.

Diagnosis and disease onset
Yang et al. Clinical assistant diagnosis for electronic medical record based on convolutional neural network. Sci. Rep. 2018; 8:6329.
Razavian et al. Multi-task prediction of disease onsets from longitudinal lab tests. PMLR 2016; 56:73.

AI IN CLINICAL OUTCOME
Short-term mortality risk among patients with cancer
starting chemotherapy
•

•

•

26,946 patients in training set // 9,114 patients in validation set
Raw EHR data for a period of 1 year before start of chemotherapy
Raw data were aggregated into 5,390 potential predictors
•

Demographics, medication, comorbidities, procedures, use of
health care resources, vital signs, laboratory results, and terms
derived from physician notes using NLP

Elfiky et al. JAMA Netw. Open 2018; 1:e180926.

AI IN DECISION MAKING
Matching patients with clinical trials
Sennaar K. AI and machine learning for clinical trials: examining 3 current applications. Emerj - Artificial Intelligence Research and Insight. https://emerj.com/ai-sector-overviews/ai-machine-learning-clinicaltrials-examining-x-current-applications/. Last updated on March 5, 2019

IBM Watson for Oncology
Somashekhar et al. Watson for oncology and breast cancer treatment recommendations: agreement with an expert multidisciplinary tumor board. Ann Oncol. 2018; 29:418.
Liu et al. Using artificial intelligence (Watson for Oncology) for treatment recommendations amongst Chinese patients with lung cancer: feasibility study. J Med Internet Res. 2018; 20:e11087.
Zhou et al. Concordance Study Between IBM Watson for Oncology and Clinical Practice for Patients with Cancer in China. Oncologist. 2019; 24:812.
Kim et al. Early experience with Watson for oncology in Korean patients with colorectal cancer. PLoS One. 2019; 14:e0213640.
Choi et al. Concordance Rate between Clinicians and Watson for Oncology among Patients with Advanced Gastric Cancer: Early, Real-World Experience in Korea. Can J Gastroenterol Hepatol. 2019;
2019:8072928.
Lee et al. Assessing Concordance With Watson for Oncology, a Cognitive Computing Decision Support System for Colon Cancer Treatment in Korea. JCO Clin Cancer Inform. 2018; 2:1.
Xu et al. Artificial Intelligence Treatment Decision Support For Complex Breast Cancer Among Oncologists With Varying Expertise. JCO Clin Cancer Inform. 2019; 3:1.
Kim et al. Concordance in postsurgical radioactive iodine therapy recommendations between Watson for Oncology and clinical practice in patients with differentiated thyroid carcinoma. Cancer.
2019; 125:2803.

Overview // review
Walsh et al. Decision Support Systems in Oncology. JCO Clin Cancer Inform. 2019; 3:1.

AI IN CANCER IMAGING
IBM Watson for Oncology
Oncology knowledge base
•

•

MSKCC training cases
Corpus of oncology journals, publications and guidelines (used as justification for a treatment decision), MSKCC curated

Training
•

Developing an initial series of scoring features
Derived data about a patient that would in some way influence the cancer treatment decision.
Training cases from MSKCC used to build a statistical model combining all of the scoring features that results in the highest accuracy
against the training set
Models are improved in an iterative fashion, with MSKCC providing error analysis, refining features, adding attributes, adjusting the
scoring
•

•

•

Extract key attributes from a patient’s case -> identify candidate treatment options -> find support for options -> prioritize treatment options

AI IN DECISION MAKING
Manipal Comprehensive Cancer Center in
Bangalore changed their treatment decisions in
13.6% of the cases based on information
provided by Watson
Somashekhar et al. A prospective blinded study of 1,000 cases analyzing the role of
artificial intelligence: Watson for Oncology and change in decision-making of a
multidisciplinary tumor board from a tertiary care cancer center. 2019 ASCO Annual
Meeting. Abstract 6533.

Liu et al. J Med Internet Res 2018; 20:e11087.
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2018: FDA published a fast-track approval
plan for AI medical algorithms.

Source: Dr. Bertalan Mesko, Director of The Medical Futurist Institute, medicalfuturist.com

FDA PROPOSED REGULATORY FRAMEWORK
Modifications to AI/ML-based SaMD
Good Machine Learning Practices
•

•

•

•

Relevance of available data to the clinical problem and
current clinical practice
Data acquired in a consistent, clinically relevant and
generalizable manner that aligns with the SaMD’s intended
use and modification plans
Appropriate separation between training, tuning, and test
datasets
Appropriate level of transparency (clarity) of the output and
the algorithm aimed at users

Source: https://www.fda.gov/media/122535/download.

LIMITATIONS AND CHALLENGES
How to measure performance
ROC and AUC metrics may not be the best to express accuracy
•

•

Lobo et al. AUC: a misleading measure of the performance of predictive distribution models. Glob. Ecol. Biogeogr. 2007; 17:145.
Saito et al. The precision–recall plot is more informative than the ROC plot when evaluating binary classifiers on imbalanced datasets. PLoS ONE 2015; 10: e0118432.

Saito et al. PLoS ONE 2015; 10: e0118432.

LIMITATIONS AND CHALLENGES
How to measure performance
Accuracy does not imply clinical relevance (AI chasm)
•

Keane et al. With an eye to AI and autonomous diagnosis. NPJ Digit. Med. 2018; 1:40.

Example
•

•

•

•

Lehman et al. Diagnostic Accuracy of Digital Screening Mammography With and Without Computer-Aided
Detection. JAMA Intern Med. 2015; 175:1828.

Computer-aided detection (CAD) FDA approved in 1998
Digital screening mammography interpreted with (n = 495,818) vs without (n =
129,807) computer-aided detection (CAD) rom 2003 through 2009
CAD does not improve diagnostic accuracy of mammography

Lehman et al. JAMA Intern Med 2015; 175: 1828.

LIMITATIONS AND CHALLENGES
How to measure performance
Need for prospective real-world clinical evaluation
•

Far majority only show retrospective assessment of
performance on historical data sets

“The field clearly is far from demonstrating very high and
reproducible machine accuracy, let alone clinical utility, for
most medical scans and images in the real-world clinical
environment”

Topol et al. Nat Med. 2019; 25:44.

LIMITATIONS AND CHALLENGES
Interpretability and explanation
Black box of algorithms
•

•

Difficult to identify situations in which a model is giving incorrect advice
•

Castelvecchi et al. Can we open the black box of AI? Nature 2016; 538:20.

•

Cabitza et al. Unintended consequences of machine learning in medicine. JAMA 2017; 318:517

Raises issues with accountability
•

Doshi-Velez et al. Accountability of AI Under the Law: The Role of Explanation. SSRN Electronic Journal; 2017;
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3064761

AI system should be expected to provide an explanation in situations where a human
decision maker would be expected to do the same
General Data Protection Regulation (European Union)
•

•

•

https://gdpr-info.eu/

“Right to explanation” when a decision is based on “automated processing”
Tackle black box problem has become a major research focus
•

•

•

Zhang et al. Visual interpretability for deep learning: a survey. Last revised February 2018. https://arxiv.org/abs/1802.00614.
Accessed September 2019.

LIMITATIONS AND CHALLENGES
Data acquisition
ML algorithms such as DL neural network require large amounts of data
•

Overfitting

Incompleteness in the collection of data
•

Embedded bias present in many algorithms
Model to diagnose melanoma but lack inclusion of skin color
•

•

•

Watson for Oncology: Small number of synthetic, nonreal cases with limited real
data input of oncologists (Memorial Sloan Kettering Cancer Center)
•

•

Esteva et al. Nature 2017;542:115.

Ross et al. In Stat News 2018 https://www.statnews.com/2018/07/25/ibm-watson-recommended-unsafeincorrect-treatments/

Genomic data underrepresents minorities
•

Wapner et al. In Newsweek https://www.newsweek.com/2018/07/27/cancer-cure-genome-cancer-treatmentafrica-genetic-charles-rotimi-dna-human-1024630.html

Source: https://en.wikipedia.org/wiki/Overfitting

LIMITATIONS AND CHALLENGES
Data acquisition
Data is often siloed within individual institutions
•

•

•

Privacy and security issues
Lack of data-sharing infrastructure
Competition between institutions

Guidelines have been proposed to support FAIR (findable, accessible, interoperable, reusable) data use
•

Wilkinson et al. The FAIR Guiding Principles for scientific data management and stewardship. Sci Data. 2016; 3:160018.

The European Commission’s perspective: Artificial intelligence and progress in cancer. Marco Marsella
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AI hype

versus AI science

Many challenges and pitfalls
Great potential and here to stay
Hybrid intelligence, where AI systems and humans collaborate

Dellerman et al. HICSS. 2019; DOI:10.24251/hicss.2019.034.
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