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Questions for the speakers?

Submit at anytime
ia the Q & A or chat box.  

e will address comments in 
e discussion session after
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William Crown, PhD, BA, MA 

Distinguished Research Scientist
Brandeis University
Boston, MA, USA
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Moderator:
William Crown, PhD, BA, MA, Distinguished Research Scientist, Brandeis University
Waltham, MA, USA and Task Force Co-Chair

Speakers: 
• Federico Felizzi, MS, PhD, BSc, Global HEOR Director, Novartis, Basel, Switzerland
• Noemi Kreif, MSc, PhD, Senior Research Fellow, Centre of Health Economics, University 

of York, York, England, UK
• Pall Jonsson, MSc, BS, PhD, Programme Director - Data, National Institute for Health and 

Care Excellence (NICE), Manchester, England, UK

On behalf of the Machine Learning in HEOR Emerging Good Practices Task Force
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Machine Learning in HEOR Task Force Members

• William Padula, MSc, MS, PhD, Assistant Professor, University of Southern California, 
Los Angeles, CA, USA and Task Force Co-Chair

• Blythe Adamson, PhD, MPH, Director, Quantitative Sciences, Flatiron Health, New York, 
NY, United States

• Atul Butte, PhD, Professor, Pediatrics and Priscilla Chan and Mark Zuckerberg 
Distinguished Professor, School of Medicine, University of California, San Francisco
San Francisco, CA, US

• Maarten IJzerman, MSc, PhD, Chair of Cancer Health Services Research, University of 
Melbourne and University of Twente, Melbourne, Australia

• Juan-David Rueda, MSc, MD, Manager, Health Economics & Payer Evidence 
(Oncology), AstraZeneca, Gaithersburg, MD, USA

• David Vanness, PhD, Professor, Pennsylvania State University, University Park, PA, USA
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Next Steps:  Final Formal Review & Submission

Our report was reviewed and revised this summer.  

We will be sending the final draft out for review next week. 

If you would like to review the final draft, please JOIN our task 
force review group. 
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Join Our Task Force Review Group!

1. Visit ISPOR home page 
www.ispor.org

2. Select “Member Groups”
3. Select “Task Forces”
4. Scroll down to Join a Task Force 

Review Group
5. Click button to “Join a Review 

Group”

You must be an ISPOR member to join 
a Task Force Review Group. 



Machine Learning for 
Causal Inference 

Noemi Kreif, MSc, PhD
Senior Research Fellow, Centre for 

Health Economics, University of York
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Prediction versus causal inference

• “Ground truth” can be observed (by holding out some 
of the data for validation)

• Can’t learn about “what if” we change some variables

• “Ground truth” can never be observed -> we can 
make progress, but using assumptions

Source: Habets JG, et al.. PeerJ. 2020 Nov 18;8:e10317.

Prediction Causal Inference
What is the expected outcome of a patient with a given 
covariate profile?

𝑌𝑌𝑖𝑖1treatment

control
𝑌𝑌𝑖𝑖0

What would happen to patient outcomes, if we 
intervened? (e.g. administer a treatment)
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“Causal Machine Learning” harnesses supervised ML methods to answer causal 
questions
Old questions: what is the treatment effect of an intervention, on average? 

• When using observational data, confounding by indication 
leads to bias

– Average treatment effect ≠ �𝑌𝑌𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡- �𝑌𝑌𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
– To reduce bias:

» Select balanced treated and control samples (e.g. 
via propensity scores) and/or

» Adjust for confounders in outcome regression 

– Misspecification in these models-> inaccurate treatment 
effect estimates

• ML can help with flexible model specification
• Statistical theory tells us how to best combine ML estimates 

to reduce bias in estimated treatment effect

Treatment group

Control group

�𝑌𝑌𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡

�𝑌𝑌𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

Methods to look for: Targeted minimum loss based estimation 
(TMLE), double machine learning
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“Causal Machine Learning” harnesses supervised ML methods to answer causal 
questions
– New questions, aiming to inform personalized decision making:

• which subgroups have the highest response to treatment?
• what patient characteristics predict treatment response?
• what is the optimal treatment/dosage for a given patient?

Age=54
Race=Asian
Blood pressure = 
150/95
……
…..
Blood sugar = high

�𝑌𝑌𝑖𝑖1 ?

�𝑌𝑌01 ?

– Can use the ML estimates of 
propensity scores and regression 
functions

– Combine them to estimate 
• Conditional average treatment 

effects �𝐸𝐸[𝑌𝑌𝑖𝑖1-𝑌𝑌𝑖𝑖0|𝑋𝑋 = 𝑥𝑥]
• Individual treatment effects �𝑌𝑌𝑖𝑖1- �𝑌𝑌𝑖𝑖0

• Optimal treatment decision rules

Methods to look for: Causal Forests, counterfactual treatment outcomes, 
individualised treatment effects,  optimal dynamic treatment regimes, 

etc.
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Assumptions 
No unmeasured confounders

– Do I have all important variables that affect 
treatment assignment and predict outcomes in my data?

– Discuss with experts, draw causal diagrams!

Positivity / overlap
– Can the patients in my data realistically

receive both treatment options?

Which ML methods to use?
– Be transparent about choices, use ensembles of methods such as the “Super Learner”
– Use simulation evidence and available guidance (different tasks may require different learners)

Cerulli G. 2015. https://doi.org/10.1007/978-3-662-46405-2_2
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The reading list
• Causal machine learning 

field  fast expanding across 
several fields
• statistics
• econometrics
• computers science

• With direct applicability to 
HEOR!
• Available software in R 

and Python

• Some methodological 
expansions needed (e.g. 
uncertainty estimation)



How Do Payers & HTAs 
Deal With the Black Box? 

Pall Jonsson, MSc, BS, PhD

Programme Director - Data, National 
Institute for Health and Care Excellence 
(NICE), Manchester, England, UK
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Unintended complications will happen



23

HTAs want certainty

O’Rourke et al. (2020). The new definition of health technology assessment: 
A milestone in international collaboration. IJTAHC36, 187–190. 
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Explainability of ML varies
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https://www.fda.gov/media/153486/download
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ISPOR ML task force: PALISADE
“Key considerations 
for communicating 
the appropriate use 
of ML to stakeholders 
and decision makers”

Element Definition

Purpose
Is the purpose of the algorithm clearly stated at the 
outset? Is the implementation of the algorithm in a 
healthcare setting fair and ethical?

Appropriateness
Is there a clear justification that the algorithm is 
acceptable in the context within which it is being 
applied?

Limitations
Have the strengths and limitations, in the context of 
the purpose, been identified? This should cover both 
the algorithm and any data used.

Implementation
Consideration of access, implementation and 
resource issues when implemented in healthcare 
settings

Sensitivity & Specificity
For classification algorithms, has the model 
performance and accuracy (specificity and 
sensitivity) been appropriately determined?

Algorithm characteristics
Has the machine learning mechanism been clearly 
characterised and described? Is there sufficient 
transparency for the results to be reproducible?      

Data characteristics
Is the selection of datasets justified and are the key 
characteristics known? This should extend to 
training sets, test sets and validation sets.

Explainability
Are the outputs of the algorithm clearly 
understandable by both the healthcare professional 
and the patient?



Thank you!
Pall.Jonsson@nice.org.uk



Case Study:  
Diabetic Retinopathy

Federico Felizzi, MS, PhD, BSc

Global HEOR Director, Novartis
Basel, Switzerland
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Overview

• Deep learning systems in diabetic retinopathy

• A tree-based decision modeling framework

• Effects of reimbursement policies  

• Implications for long-term disease management costs
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AI in Diabetic Retinopathy

• “Ground truth” can be observed (by holding out some 
of the data for validation)

• Can’t learn about “what if” we change some variables

• “Ground truth” can never be observed -> we can 
make progress, but using assumptions

Causal Inference

𝑌𝑌𝑖𝑖1treatment

control
𝑌𝑌𝑖𝑖0

What would happen to patient outcomes, if we 
intervened? (e.g. administer a treatment)

DLS Professional 
Grader

Referable DR

Sensitivity 90.5% 91.2%

Specificity 91.6% 99.3%

Vision Threatening DR

Sensitivity 100% 88.5%

Specificity 91.1% 99.6%

• Deep Neural Nets trained without 
specifying lesion-based features

• Consistency of Interpretation

• Near Instantaneous Reporting of 
results
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A Decision Modeling Framework
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Unnecessary 
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Progression 
costs 
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DA = Disease Activity

Decision 
to treat

DA detected | 
DA

No sign of DA 
| no DA

DA detected | 
no DA

No sign of DA 
| DA

Standard diagnosisDLS-enabled diagnosis
DA detected | 
DA

No sign of DA 
| no DA

DA detected | 
no DA

No sign of DA 
| DA

Decision 
to treat

Treatment 
costs

Unnecessary 
costs

D
LS
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 c
os

ts

Artificial intelligence for teleophthalmology-based diabetic retinopathy screening in a national 
programme: an economic analysis modelling study (thelancet.com)

€50€42
Progression 
costs 

Decision 
to wait

Decision 
to wait

https://www.thelancet.com/action/showPdf?pii=S2589-7500%2820%2930060-1
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Policies and Implications for Treatment Pathways

53%

people screened for DR in the 
last 2 years 
without policy

88%

people screened for DR in the 
last 2 years 
with policy

Additional 35%

(re)Introduction of a policy that reimburses DR 
screening at optometrist practices

sensitivity specificity
Trained
Ophthalmologist 82% 95%

Optometrist 74% 84%

GP 46% 81%
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A case-study framework linked to disease progression

Stages of DR
cost 

multipliers proportion
no DR 1 68%
mild DR 1.2 24%
moderate DR 2.5 6.1%
severe NPDR 3.2 1.2%
PDR 7.4 0.5%

JAMA Ophthalmol. 2021;139(7):701-712. doi:10.1001/jamaophthalmol.2021.0606

Treated

Not Treated

16.3%

43.5%
Progressing 
to PDR

0% 100%

C
os

t m
ul

tip
lie

r

Proportion of population

8x
Undiagnosed 

DR

Diabetes Diabetes 
Undiagnosed 

DR

• DLS technology
• Reimbursement policy
• Delay in progression
• Overall cost reduction

Protocol W milder diseasemore severe disease
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Overall Conclusions

• Deep learning in retina scans 
– high sensitivity and specificity and near instantaneous delivery of results  

• Implementation in a clinical setting
– Extension of reimbursement policy to optometrist enables expansion of DR 

screening in subjects with Diabetes
• Decision modeling framework (tree) 

– Correct disease activity assessment
– Treatment decision and long-term costs
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Questions? 



To contact the presenters:
taskforce@ispor.org5
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