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Resurgence of Machine Learning in Medicine

• Computers have been used to detect 
regions of clinical interest in images 
since the 1960s.

• The field drew heavily on computer 
vision and became known as CAD 
(Computer-aided Diagnosis, Computer-
aided Detection) 

• CAD researchers generated many of the 
Machine Learning tools we use today. 

• In spite of years of research and 
development, the number of clinically 
successful CAD products with FDA 
approval has been rather limited – Until 
Recently

Topol EJ. Nature medicine. 2019 Jan;25(1):44.
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Why the Resurgence?

• Sufficient computing power, readily available
• Wide array of available software tools, many free 

and open source
• Availability of data from open access repositories
• Emergence of Radiomics and Pathomics

https://www.hpcwire.com/2017/04/26/messina-update-u-s-path-exascale-15-slides/

https://www.hpcwire.com/2017/04/26/messina-update-u-s-path-exascale-15-slides/


Machine Learning Algorithms Need Data

• For a ML algorithm to be clinically useful it must be trained on 
data that appropriately represents the variance in:
– the human population
– the presentation of disease
– the data collection systems

• Data has to be of sufficient quality and acquired with uniform 
parameters to make certain that conclusions can be validated 

• Supervised learning approaches require labeled data for 
training and validation



Data Limitations

• Available data collections do not truly represent the 
population, e.g., they lack healthy controls

• For some organs, e.g. brain, open access data on 
healthy populations exist but may not have been 
collected with the required acquisition parameters 



Intellectual Property

• Intellectual property concerns can limit access to valuable 
data sets. 

• Some researchers and institutions consider data to be 
their intellectual property and are loath to make it 
available

• Challenge competitions require sequestered test sets
• FDA has argued for the need for sequestration of data 

used to validate algorithms approved for commercial use



FDA’s Total Product Lifecycle Regulatory Approach for 
AI/ML-Based SaMD

https://www.fda.gov/downloads/MedicalDevices/DigitalHealth/SoftwareasaMedicalDevice/UCM635052.pdf

https://www.fda.gov/downloads/MedicalDevices/DigitalHealth/SoftwareasaMedicalDevice/UCM635052.pdf


How Much Data?
• Deep learning methods require large, representative and 

accurately annotated datasets to train robust models and 
achieve acceptable performance. 

• Goodfellow et al. propose the following rule of thumb: 
– “a supervised deep learning algorithm will generally achieve 

acceptable performance with around 5,000 labeled examples per 
category and will match or exceed human performance when trained 
with a dataset containing at least 10 million labeled examples.” 

• Accumulating data on this scale poses a significant challenge 
and requires open access and data sharing

Goodfellow et al. Deep learning: MIT press, 2016.



The Cancer Imaging Archive:
Reducing Data-Sharing Barriers

• Increase public availability of high quality cancer imaging data sets for research by 
complying with the FAIR principle.

• Support NIH data sharing requirements for the cancer imaging community 
• Enhance reproducibility in research
• Create a culture of open data sharing and collaboration among cancer imaging 

researchers
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http://www.cancerimagingarchive.net/ Clark, et al. J Digital Imag 26.6 (2013): 1045-1057. 10
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TCIA Collections

~41,500 subjects
~34 million images

Collections Planned or in ProcessCurrent Collections

Radiology images
Pathology images
RT data
Clinical data
Image derived features

~100 TB
~500 TB



Data Governance: Submission Process



Curation is the Key to Data 
Quality

PACS/HDD HTTP/DICOM 
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TCIA Intake CTP Server

Automated Standards-based Anonymization Profile for Image Sharing Using RSNA’s 
Clinical Trial Processor .  Justin Kirby, John Perry, Carl Jaffe, John Freymann

Bennett W, Matthews J, Bosch W. SU-GG-T-262: Open-Source Tool for 
Assessing Variability in DICOM Data. Medical Physics. 2010;37(6):3245-



We Still Do NOT Have Enough Data
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The Truth Problem

• Supervised learning techniques, commonly used in 
radiomic/pathomic studies, are hampered by the lack of labeled 
data for training and testing

• Labeled data is created manually by human experts resulting in 
high cost and limited volume of high-quality training (and testing) 
datasets 

• Problem of ground truth - Approaches to modeling truth by 
combining observations from multiple observers (machine and 
human) attempt to create standards that do not penalize 
algorithms that outperform the human observer 
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Capturing Labeled Data

• The generation of labeled data remains a roadblock. 
– crowdsourcing and the use of augmentation and synthetic data generation 

• Management of labeled training and test sets and the resulting 
image derived features raise special curation and validation issues.

• Currently, standards and standard operating processes for data 
representation, curation, evaluation and sharing of labeled datasets 
are in early stages of development

• Reproducibility of radiomics/pathomics analyses are difficult to 
assess due to a lack of standards for validating results.



Unique Challenges in Developing High-quality 
Training Datasets in Digital Pathology 

• Tissue images capture much denser information than many other 
imaging modalities 100,000 x 100,000 pixels 

• Whole slide tissue image can contain more than a million cells, 
nuclei and other cellular-level structures making it impossible to 
manually segment and annotate

• Heterogeneity across and within tissue specimens and variations in 
tissue preparation lead to high variability in quantitative analyses

• Consistent and unified protocols are necessary to reduce artifacts 
in image datasets used to generate training data. 

• While there is a DICOM standard image file format for digital 
pathology it is not universally accepted, despite on-going efforts. 



Feature Management System
Quantitative Imaging Pathology - QuIP 

(Saltz et al. ITCR U24)

Slide Courtesy of Joel Saltz



Integrative Morphology/”omics”

J Am Med Inform Assoc. 2012 
Integrated morphologic analysis for 
the identification and 
characterization of disease 
subtypes.

Pathomics

Lee Cooper,  Jun Kong

Slide Courtesy of Joel Saltz



Rad/Path Image Feature Base

• Manage all feature classes
• Semantic integration of feature information
• General format for feature representation: 4D Tensor
• Linkage of features to images from which they were generated, 

feature extraction and classification algorithms, quality metrics



Summary
• Using TCIA as an example and drawing on our own research I 

have attempted to address one of the objectives of the 
conference:  
– What and how should the curated data sets be developed to optimize 

specific tasks of today and tomorrow?
• Data has to be of sufficient quality to make certain that 

conclusions can be validated 
• Large quantities of labeled data are required as are methods to 

generate, curate and manage such data.
• Open access data repositories hold the key to providing sufficient 

data
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