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Radiology Forces

Pros
• Revenue center – profit margin

• Value and volume

• Outpatient focus

• Fast and efficient

• Technological advances

• Constant modality innovation

• New indications

• IR new treatments (cancer)

• IT rich and driven

• EHR availability

• Data rich

• Research opportunity

• Subspecialization

• Networks

• Actionable Reporting
4

Cons
• Busy and burned out

• Too much data (10X # images)

• 24/7 expectations

• Turf

• Cost center (PHM)

• Research $ less

• No major new modalities (PET/MR - 7T)

• Variation and waste

• Quality and Safety

• Peer learning

• Research $ less

• Leadership

• Subspecialization - networks

• Service business

• Actionable reporting
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So what does this mean for Radiology?
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Predictions for ML in medicine – 3 paradigms
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NEJM 2016

1. Improved prognostic prediction

2. Machine learning will displace much of the work of 
radiologists and anatomical pathologists. These 
physicians focus largely on interpreting digitized images, 
which can easily be fed directly to algorithms instead. 
Massive imaging data sets, combined with recent 
advances in computer vision, will drive rapid 
improvements in performance, and machine accuracy 
will soon exceed that of humans. Indeed, radiology is 
already partway there: algorithms can replace a second 
radiologist reading mam-mogram and will soon exceed 
human accuracy.

3. Diagnostic accuracy and reduction of error



Doom and Gloom

• Experts warn that “the substitution of 
machinery for human labor” may 
“render the population redundant”. 
They worry that “the discovery of 
this mighty power” has come “before 
we knew how to employ it rightly”. 

• But these are in fact the words of 
commentators discussing 
mechanization and steam power two 
centuries ago. Back then the 
controversy over the dangers posed 
by machines was known as the 
“machinery question”.
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In America during the 19th century the amount of coarse cloth a 
single weaver could produce in an hour increased by a factor of 

50, and the amount of labor required per yard of cloth fell by 
98%. This made cloth cheaper and increased demand for it, 
which in turn created more jobs for weavers: their numbers 

quadrupled between 1830 and 1900
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Average number of tellers fell from 20 per 
branch in 1988 to 13 in 2004. But that reduced 
the cost of running a bank branch, allowing 
banks to open more branches in response to 

customer demand. The number of urban bank 
branches rose by 43% over the same period



Mistaken Analysis – Misguided Interpretation

• More jobs or less jobs with computers?

• “lump of labor” fallacy. 

• “This notion that there’s only a finite amount of work to 
do, and therefore that if you automate some of it there’s 
less for people to do, is just totally wrong,”. Those 
sounding warnings about technological unemployment 
“basically ignore the issue of the economic response to 
automation”

• So more work, but probably different types of work

• We will have to adjust

• AI will likely impact each activity in the imaging value 
chain



Imaging Value Chain – JACR 2015
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Artificial
Intelligence



Imaging Value Chain
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MGH & BWH Clinical Data Science



Imaging Value Chain
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Interpretation and 
Reporting

Interpretation Reporting

EHR integration Decision Support

AI Clinical Applications

MR Ischemic Stroke
CTA LVO
CT Hemorrhage
CT Ischemic Stroke
CTA Collaterals
Image Quality Dashboard
CT C-spine Fracture
CT Rib Fracture
CV Ultrasound
Bedside Data Acquisition
MR Reconstruction
CT Reconstruction
US Reconstruction
CT Aortic Aneurysm
CT Liver Tumor
MR Brain Triage
MR Lumber Spine
MR Prostate Segmentation
Inference and Edge-device 
Pipelining
Cluster Scheduling
COPD
PET/CT Brown Fat
CT Body Composition
Radiology Operations
MR Series Selection



SIGNIFICANT FINDINGS BY LEVEL: 

T12-L1:Unremarkable. 

L1-2: Unremarkable. 

L2-3: There is disc bulge, mild facet arthropathy bilaterally 

as well as a left foraminal/extraforaminal disc protrusion 

resulting in mild spinal canal stenosis, as well as mild right 

and moderate left neural foraminal stenosis. 

L3-4: There is bilateral facet arthropathy, prominence of 

the epidural fat, as well as a left foraminal/extraforaminal 

disc protrusion without significant neural foraminal.  There 

is mild spinal canal stenosis. 

L4-5: There is a bulging disc, prominence of the epidural 

fat, as well as bilateral facet arthropathy with mild left and 

mild-moderate right neural foraminal stenosis.  There is 

mild spinal canal stenosis. 

L5-S1: There is bilateral facet arthropathy as well as disc 

uncovering and prominence of the epidural fat, which 

results in severe right and moderate left neural foraminal 

stenosis.  

Localization Stenosis Grading

0 1 5

No stenosis

2 3 4

Severe

Central Right Left

T12-L1 0 0 0

L1-2 0 0 0

L2-3 1 1 3

L3-4 1 0 0

L4-5 1 2 1

L5-S1 0 5 3

Spine CAD

Courtesy Keith Dreyer



Machine Learning: Lumbar Spine MRI Interpretation Algorithm

Courtesy Keith Dreyer



Machine Learning: Lumbar Spine MRI Interpretation Algorithm

One-Click Results Integration into Reporting Software

PACS Viewer Integration Reporting Software

Courtesy Keith Dreyer



Stoke Detection and Outcomes  

MR DWI MR ADC CONVNETMANUAL

Courtesy Mark Michalski

Machine Learning



Stroke Detection Workflow 

ML-detect Alert Confirm

Action

ML-enhanced clinical workflow

Scan Queue Read Action

Current clinical workflow

• Reduces time to action for stroke victims, especially in incidental findings

• Enables MGH/BWH to more effectively read scans from other hospitals, especially at night 

Scan Queue Read

Courtesy Mark Michalski



Actionable Reporting
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Interpretation and 
Reporting

Interpretation Reporting

EHR integration Decision Support

Mayo-Smith et al., JACR 2017



Actionable Reporting

Imaging Data

Lab values
Pathology
Drug history
Past medical history
Genomics/proteomics etc.

Best practice algorithm Radiology ReportActionable Radiology Report

Computer Assisted Decision Support
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Computer Assisted Reporting: Adrenal

Standardized
Common Lexicon
Compliant
Data minable
Referrer buy-in
Recommendation portal



Lu, et al. JACR 2016Computer Assisted Reporting
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Incidental Adrenal Nodules on Abdominal CTs (n=217 cases)

Courtesy Tarik Alkasab



Computer Assisted Reporting: Ovarian Cysts
Courtesy Tarik Alkasab



The Data Divide – EHR Integration

Imaging Data Radiology Report EHR

Lab values
Pathology
Drug history
Past medical history
Genomics/proteomics etc.

Radiomic Data Actionable Report



The Data Divide – EHR Integration

Imaging Data EHR

Lab values
Pathology
Drug history Lisinopril
Past medical history
Genomics/proteomics etc.

Wide 
Differential

Data Enabled 
Structured Recommendations

Data Enabled Precision Radiology

Automated 
Scheduling f/u

Radiology Report
Radiology Report:

ACE inhibitor vasculitis 

Radiomic Data
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Why AI in Radiology?

• VALUE

• Medicine should always be about better value for patients 

• Outcomes – cost effective

• Too much variation with humans

• Convergence: Massive data, new computing power and new 
deep learning algorithms

• New knowledge – extraction of new and better information

• Information the human eye can’t see (pixel biopsies)

• Increased diagnostic certainty, faster turnaround, better 
outcomes for patients, 

• Better quality of work life for radiologists 

• Peer Review  

38

Thrall JH
JACR March 2018



Standardization 

• AI imaging research would benefit from:

(1) national and international image sharing networks, 

(2) reference datasets of proven cases against which AI 
programs can be tested and compared (protocol and 
and language variation) 

(3) criteria for standardization and optimization of 
imaging protocols for use in AI applications

(4) a common lexicon for describing and reporting AI 
applications

• Standards still need to be developed that address curation of 
images 

Thrall JH
JACR March 2018



Workflow

• DS and protocol optimization –shorter scan times tailored to 
particular patient

• Real-time scanning management and patient flow

• Technologist tasks (body part separation)

• Prioritization of case urgency – optimization of work lists 
stroke/PE (while on table)

• Pre-analysis of cases in high-volume applications where 
observer fatigue may be a factor (screening) 

• Improving the quality of reconstructed images.

• Radiomics – mathematical imaging phenotype

However – before we get ahead of ourselves, there is a lot of 
hype

Thrall JH
JACR March 2018

Brink JA
JACR March 2018



JAMA March 12, 2018: ML Spectrum 



Thank you

Data Mining and Machine 
Learning for Integrated CDS


