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Announcements

• Most (if not all) of you have submitted your paper summary 
assignments
• Next up – in ~3-4 weeks you will begin presenting on your projects

• Get started early
• Book TA time 
• Come to office hours

• Mid-quarter feedback form – Please do fill out ASAP.

https://forms.office.com/Pages/ResponsePage.aspx?id=JsKqeAMvTUuQN7RtVsVSELPkmKmWimhAmFsLndPVB5FUQUtWTVlMOUk3SVpMV0o4NDZQTEI5SFNPMC4u


Outline

• Decision making with mechanistic knowledge
• History of decision making for interventions in healthcare
• Randomized control trials

• Cohort design
• Phases
• Controls 
• Blinding

• Challenges in RCTs and approaches to mitigate it



Interventions in physical systems

Source: https://www.youtube.com/watch?v=yMdSrTyXuKU

Equations characterize our 
understanding of physical 

systems

Laws of conservation give us 
equalities that must hold

We can use these equations to 
answer questions around the 

effect of interventions



Medicine has progressed a long way

• We’ve come a long way in our 
understanding of the human body
• But processes in the body occur at multiple 

scales and we lack mechanistic models to 
characterize the effect of every intervention



How should we make decisions in healthcare? 



History

Rosini et. al, Vaccines Against Antimicrobial Resistance, 2020



Discovery of early medicines/interventions

• Penicillin
• Discovered in 1928 by accident when studying the properties of the Penicillium mold 
• Hypothesized mechanism was unknown but scientists knew it killed bacteria
• Reason for use: 

• First used to successfully treat an eye infection in children

• 1945 – First Randomized Control Trial
• Published "Streptomycin treatment of pulmonary tuberculosis” by Austin Bradford 

Hill 
• May be likely that the idea of randomization existed long before medical publications
• Prospective biomedical research study designed to answer specific questions about 

an intervention



What is a randomized control trial? 

Control: Blue pill [the treatment representing the standard 
of care]

Treatment: The new intervention that is being evaluated



Randomize control trials

• Step 1: Select a cohort of individuals
• Step 2: Randomly split the cohort into two groups
• Step 3: Give one group the control and give the other group the 

treatment
• Step 4: Observe the patients over time and see who got better



Randomization as a graphical model
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Y is an outcome of interest (positive value good; negative 
value bad)
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Features of a randomized control trial

• Cohort design & randomization
• Study phases
• Controls
• Blinding



Cohort design



Cohort Design & Study plan

• Selection criteria: Who qualifies to participate 
• How many people in study?
• Length of study & choice of intervention
• Discussion: If you were a drug company, and were designing the 

cohort, what are considerations you might want to incorporate in 
the design of your cohort.



Why does randomization work?

• Recall Mike Fralick’s talk
• There are many demographic factors that are shared/unique across 

patients
• Randomization ensures that these are evenly distributed across 

treatment and control groups
• Ensures that there is no selection bias in the cohort



Types of randomization

• Complete randomization
• Flip a coin

• Stratified randomization
• Ensuring balance across imbalanced covariates in treatment/control group
• 100 people but only 10 males in cohort

• Cluster randomization
• What if you want to test an intervention across “groups” rather than individuals
• Useful if you suspect the treatment effect across individuals in a group is correlated
• Examples: 

• Clustering children into classrooms and applying randomization at the classroom level



Phases of a clinical trial



Phases of modern drug design

• Develop a new drug
• Preclinical phase: 

• Initial testing 
• Phase 1: Small scale

• <30 people
• Goal: Finding a minimum safe dosage for the drug

• Phase 2: Medium scale
• <100 people
• Goal: Assessing initial benefit for the drug

• Phase 3: Large scale
• 100-1000 people
• Goal: Assessing benefit relative to current standard of care





Controls



Controls

• Controls are the alternative that is being considered to the treatment 
that is proposed
• No treatment

• Common in new surgical procedures

• Placebo
• Duplicate the experience of the intervention without its effect

• Standard of care
• Comparison to current clinical practice – usually in Phase 3



Blinding



What is blinding?

• Blinding: 
• Hiding the identity of who received treatment and who received the control
• Prevent unintentional bias

• Discussion: Why do we need to have blinded trials?



Types of blinding

• Open label
• Participants and doctors know if they are on treatment/control

• Single
• Doctors know but participants do not know if they are on treatment/control

• Double
• Conceal nature of treatment from participants and doctors
• Only those directing the study know

• Triple
• Conceal nature of treatment from participants, researchers and 

administrators/doctors



Challenges in designing and running RCTs

• Cohort selection 
• Need consent and ways to find people who meet the criteria for being part of 

an RCT
• Why is it hard: Healthcare infrastructure is disperse

• Cost
• Multiple stages of the RCT are costly
• Why is it hard: Require large groups of patients, administrators and

coordination between organizations (drug companies and hospitals)

• Time
• The end-to-end pipeline for drug development takes a long time



Discussion: Can we use 
machine learning to help?

If so, where and how? 



Machine learning to evaluate eligibility 
criteria

• Evaluating eligibility criteria of oncology trials using real-world data 
and AI, Liu et. al, Nature Medicine 2020
• Problem being tackled: 

• Recruitment for trials is challenging
• Trials can have low enrolment (86% of trials fail to meet recruitment within 

time)
• Why: Eligibility criteria can be too strict but not all clinicians agree on how to 

relax them

• Key idea: Can we use real-world electronic health record data to 
emulate clinical trials and use the data to relax eligibility criteria.

https://www.nature.com/articles/s41586-021-03430-5.pdf


Dataset

• [a] Flatiron Health EHR-derived database (private database)
• De-identified data from 280 cancer clinics
• Cohort: [aSCLC] Advanced small cell lung carcinomas [~61K patients)

• [b] ClinicalTrials.gov – contains information on trials and their 
associated eligibility criteria
• Took criteria from [b], encoded them as rules in [a] and selected 

patients who would have met the criteria for 10 aSCLC trials
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survival of a trial or potentially reduce the efficacy of the trial. These 
criteria include conditions analysed by laboratory tests (blood pres-
sure, albumin levels, counts of lymphocytes or neutrophils, or alanine 
aminotransferase (ALT), alkaline phosphatase (ALP) and aspartate ami-
notransferase (AST) levels) and previous treatments (ALK, PDL1, EGFR 
and CYP34A therapies, systemic or antineoplastic therapies). These 
inclusion/exclusion criteria can be restrictive; for example, requiring 
the lymphocyte count to be greater than 500 per µl excludes 6.3% of 
the patients on average. Moreover, patients excluded by these criteria 
benefit from the treatments of the trial to a extent similar to that of 
patients who met the criteria, as reflected in a Shapley value close to 
zero (Fig. 2).

Relaxing trial eligibility criteria
The results above show that it is promising to explore the benefits and 
trade-offs of relaxing standard eligibility criteria. We investigate this by 
keeping for each trial only the subset of the criteria that Trial Pathfinder 
identified to decrease the hazard ratio of the trial (that is, with a Shapley 
value less than zero) and relax the remaining restrictions. We denote 
this subset the ‘data-driven criteria’ (Supplementary Table 5). The set 
of data-driven criteria removes nine inclusion/exclusion rules on aver-
age. The hazard ratio of the overall survival had an average reduction 
of 0.05 compared with using the full eligibility criteria, and the number 
of eligible patients increased from 1,553 to 3,209 on average, an 107% 
increase (Table 1 and Extended Data Fig. 5).

Relaxing restrictive eligibility criteria has the important benefit of 
making clinical trials more inclusive for diverse populations (Sup-
plementary Tables 6–8). The patients who would be excluded by the 
original trial criteria but would be eligible in the relaxed rules tend to 
include more women and more patients older than 75 years. Detailed 
comparisons of patient characteristics between the original trial cohort 
and our emulations are shown in Supplementary Tables 9–18.

Additional validations
We performed several analyses to support the robustness of our results. 
In addition to using overall survival as the end point, we repeated all of 
the analyses for each trial using progression-free survival (Extended 
Data Table 2). To assess the robustness of our findings in light of the 
recent shift towards immunotherapies, we ran an analysis in which the 
data-driven criteria were applied to patients who received treatment 
between February 2017 and February 2020 (Supplementary Table 19). 

To assess the representativeness of our findings, we stratified our 
patient populations on the basis of geographical regions in the USA 
and the types of insurance plan (Supplementary Tables 20–28). We also 
applied Trial Pathfinder to 9,439 patients with aNSCLC who received 
Foundation Medicine genomic tests (Supplementary Tables 29–31). The 
results of all of these analyses are consistent with our primary findings.

Our primary analyses focused on aNSCLC trials because this cancer 
type had the most patients in the Flatiron Health database. To investi-
gate the generalizability of Trial Pathfinder to other types of cancer, 
we identified three additional trials in colorectal cancer, advanced 
melanoma and metastatic breast cancer with available trial protocols 
that can be encoded in the Flatiron database (Supplementary Table 32). 
In all three types of cancer, we found that the original trial criteria were 
overly restrictive. The data-driven criteria selected by Trial Pathfinder 
substantially increased the patient population (53% increase on aver-
age) while achieving a lower hazard ratio of the overall survival than 
the original trial criteria (a decrease of 0.13 in the hazard ratio of the 
overall survival on average) (Extended Data Table 3 and Supplementary 
Table 33).

Broadening the thresholds of laboratory tests
To more directly assess the effects on safety when broadening eligi-
bility criteria, we analysed the follow-up and evaluation of toxicity 
for 22 completed Roche oncology trials, which combined comprised 
11,602 patients. We found substantial heterogeneity in the eligibility 
criteria across these trials (Supplementary Table 34). Even trials that 
targeted the same cancer, in the same phase, and that involved treat-
ments of similar mechanisms used a number of different thresholds 
of laboratory values to exclude patients. Across aNSCLC, advanced 
melanoma, metastatic breast cancer and follicular lymphoma, trials 
with more relaxed thresholds of laboratory values for eligibility did not 
have more treatment withdrawals due to adverse events than trials with 
more stringent eligibility thresholds (Supplementary Table 35). This 
supports our finding that we can potentially broaden several common 
laboratory-based eligibilities—levels of bilirubin, platelets, haemo-
globin and ALP—to align with successful trials that already use these 
relaxed thresholds without increasing the toxicity risks for the patients.

We further support our findings by analysing abstracted toxicity 
data in a cohort of 1,000 patients with aNSCLC from the Flatiron data-
base. No significant difference in their baseline laboratory values at the 
start of treatment were found when comparing patients who reported 
toxicity-related adverse events during the course of treatment with 

Table 1 | Comparisons of eligibility criteria

Trial name Original trial criteria Fully relaxed criteria Data-driven criteria
No. of criteria No. of patients HR No. of patients HR No. of criteria No. of patients HR

FLAURA 10 2,277 0.81 3,819 0.82 4 2,546 0.75

LUX8 11 129 0.65 1,350 0.81 5 141 0.58

Checkmate017 17 523 0.67 4,900 0.71 7 4,085 0.71

Checkmate057 19 792 0.75 4,900 0.71 9 2,594 0.66

Checkmate078 18 1,509 0.74 4,900 0.71 9 3,348 0.68

Keynote010 13 806 0.56 1,950 0.51 1 1,948 0.51

Keynote189 15 4,066 0.88 8,818 0.94 7 4,595 0.85

Keynote407 13 2,031 1.13 10,437 1.07 4 9,173 1.04

BEYOND 12 2,902 1.09 9,310 1.14 4 3,043 1.08

OAK 19 493 0.88 1,288 0.87 6 620 0.80

Average 15 1,553 0.82 5,167 0.83 6 3,209 0.77

The number of inclusion/exclusion criteria, the number of eligible patients and the hazard ratio of the overall survival of emulated aNSCLC trials with eligibility criteria under three scenarios: the 
original criteria used in the trial, fully relaxed criteria and data-driven criteria. The fully relaxed criteria correspond to evaluating the hazard ratio of the overall survival of all of the patients in the 
Flatiron database who took the treatments in the relevant line of therapy. The data-driven criteria were selected by Shapley values. HR, hazard ratio.

Study finds that hazard ratios 
for certain treatments comparable
to study criteria in the 
entire patient cohort

Suggests that there is potential
benefit to developing relaxed 
study design protocols
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ratio of overall survival as the outcome. The Trial Pathfinder emula-
tion framework makes it possible to systematically vary the eligibility 
criteria in silico and quantify how the hazard ratio of overall survival 
changes with different combinations of criteria.

Real-world data and trial emulation
This retrospective study used the Flatiron Health EHR-derived data-
base (https://flatiron.com/real-world-evidence), which includes 
de-identified data from approximately 280 cancer clinics in the USA27. 
Longitudinal de-identified patient-level data included structured and 
unstructured data curated from the EHRs. We focused on analysing 
aNSCLC trials because they have the largest number of patients in the 
Flatiron Health database, comprising 61,094 patients with aNSCLC. 
Starting from all of the phase-III aNSCLC trials on ClinicalTrials.gov 
(queried on 8 November 2019), we filtered for trials that had available 
trial protocols and had at least 250 patients in each arm in the Flatiron 
Health dataset who matched the description of the patients in the tri-
als. This resulted in 10 completed aNSCLC trials sponsored by diverse 
companies that we analysed using Trial Pathfinder (Extended Data Fig. 1 
and Extended Data Table 1). Four trials are for first-line treatment and 
six are for second-line treatment.

Using the Flatiron Health data, we encoded commonly used eligibility 
criteria based on patient characteristics, diagnoses, laboratory values, 
biomarkers and previous treatments (Supplementary Table 1). There 
is substantial heterogeneity in which eligibility criteria were used in 
each aNSCLC trial, even though they all have the same mechanism of 
action as checkpoint inhibitors (Extended Data Fig. 2). For example, 
one trial excluded patients on the basis of albumin and lymphocyte 
levels, whereas the other nine trials did not. This motivated us to inves-
tigate the influence that each inclusion or exclusion criterion had on 
the real-world population.

Effects of the eligibility criteria
For each aNSCLC trial, we first selected all of the patients with aNSCLC 
in the Flatiron Health database who have taken the treatment or control 
drugs in the corresponding line of therapy. On average, 5,167 patients 
were identified for each trial (Table 1). The hazard ratio of the overall 
survival was estimated with propensity scores to control for differences 
between groups (Extended Data Fig. 3). This analysis corresponds to 
the hypothetical setting in which we fully relax the eligibility criteria.

We next emulated each aNSCLC trial using all of the original protocol 
criteria that can be encoded in the Flatiron database. The number of 
patients in the Flatiron database who met all of the eligibility criteria of 
the trial, along with their emulation hazard ratio of the overall survival, 
is shown in Table 1. The emulation results are broadly consistent with 
those of the original randomized trials. On average, only 30% of the 
patients in the Flatiron database who have taken the drugs tested in the 
trial actually met the trial eligibility criteria. Moreover, across the trials, 
the hazard ratio of the full patient population is comparable to, and 
sometimes smaller than, the hazard ratio of the subset of the patients 
who met the eligibility criteria (Supplementary Table 2). This suggests 
that many patients who were excluded by the restrictive eligibility 
criteria can also potentially benefit from the treatment in the trial.

The above findings motivated us to quantify how each inclusion/
exclusion criterion affects the number of eligible patients and the trial 
outcome. The latter is particularly challenging because the effect of 
each inclusion/exclusion rule on the hazard ratio depends on which 
other inclusion/exclusion rules are used to select patients. To estimate 
this effect systematically, for each aNSCLC trial, we simulated thou-
sands of synthetic cohorts using the Flatiron database under different 
random combinations of inclusion/exclusion criteria and estimated the 
hazard ratio of the overall survival for each cohort. We then used the 
Shapley value28, an attribution method used in artificial intelligence, 
to summarize the influence of each criterion. The Shapley value is a 
weighted average of the effect on the hazard ratio of adding each cri-
terion to different sets of inclusion/exclusion rules (see Methods for 
details). In our setting, a Shapley value smaller than zero suggests that 
including the criterion improves the efficacy of the trial and decreases 
the hazard ratio.

Figure 2 shows the Shapley values for each eligibility criterion esti-
mated with an efficient Monte Carlo algorithm (Methods and Extended 
Data Fig. 4). Shapley values close to zero (shown in white) correspond 
to eligibility criteria that had no effect on the hazard ratio of the overall 
survival. Criteria with beneficial effects (that is, including the criterion 
would decrease the hazard ratio of the overall survival on average) are 
shown in blue and detrimental effects (that is, including the criterion 
would increase the hazard ratio of the overall survival on average) are 
shown in red. Figure 2 also shows the decrease in the number of eligible 
patients when each criterion was applied (see Supplementary Tables 3, 
4 for the exact numbers).

Our analysis suggests that several commonly used inclusion/exclu-
sion criteria do not substantially affect the hazard ratio of the overall 

Sex

Do not meet the
eligibility criteria

(1) Implementation and
     encoding of eligibility criteria 

(4) Survival analysis(3) Emulate blind assignment

Treated arm: drug A

1
2
3
4

7

Drug
A
C
A
B
D

A
6 B

Control arm: drug B

RWD

(2) Generation of treatment groups

Use IPTW to adjust for confounding
factors:

F Demographics: age, gender, 
race, smoking status, and so on.

F Status: group stage, ECOG, and so on.
F Biomarkers: ALK, PDL1, and so on.
F :ther factors

HR = 0.70

Time (months)

O
ve

ra
ll 

su
rv

iv
al Treated

Control

Rule description
Be ≥18 years of age on the day 

of signing informed consent.

Encoded rule 
#inclusion
records[‘diagnosisdate’] >= 
demographics[‘birthyear’] + @YEARS(18)

Criteria relaxation

8 B
… …

Receive drug A

Receive drug C or D
Receive drug B

Output

Criteria: rule 1 + rule 2

Input

Criteria: rule 2

n = 1,000 patients; HR = 0.70

n = 3,000 patients; HR = 0.80

In"uence of each rule
The set of rules: 

large cohort; low HR
Contribution of one rule:

change in the number of patients;
change in HR

Change eligibility 
criteria in silico:

F
M
F
M

M
F

F
…

5 F

Sex
1
7
…

Drug
A
A
…

F
M
…

Sex
4
8
…

Drug
B
B
…

M
F
…

a

b

Trial emulation

Analysis

Fig. 1 | Trial Pathfinder workflow and applications. a, Trial Pathfinder takes 
as input the real-world dataset and the target trial protocol (treatments and 
eligibility criteria). It programmatically encodes the eligibility criteria and 
performs trial emulation using propensity score weighting. It then performs a 
survival analysis on the emulated treatment groups, and reports both the 
number of eligible patients and the resulting hazard ratio. b, Combining an 

importance analysis of the automated criteria with the Shapley value, Trial 
Pathfinder evaluates individual criteria and derives a data-driven set of criteria 
that expands the pool of eligible patients without reducing the effect size. This 
can guide the design of trials. ALK, anaplastic lymphoma kinase; ECOG, Eastern 
Cooperative Oncology Group; HR, hazard ratio; IPTW, inverse probability of 
treatment weighting; PDL1, programmed death ligand 1; RWD, real-world data.

We’ll learn about 
SHAPley values later 

this month
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survival of a trial or potentially reduce the efficacy of the trial. These 
criteria include conditions analysed by laboratory tests (blood pres-
sure, albumin levels, counts of lymphocytes or neutrophils, or alanine 
aminotransferase (ALT), alkaline phosphatase (ALP) and aspartate ami-
notransferase (AST) levels) and previous treatments (ALK, PDL1, EGFR 
and CYP34A therapies, systemic or antineoplastic therapies). These 
inclusion/exclusion criteria can be restrictive; for example, requiring 
the lymphocyte count to be greater than 500 per µl excludes 6.3% of 
the patients on average. Moreover, patients excluded by these criteria 
benefit from the treatments of the trial to a extent similar to that of 
patients who met the criteria, as reflected in a Shapley value close to 
zero (Fig. 2).

Relaxing trial eligibility criteria
The results above show that it is promising to explore the benefits and 
trade-offs of relaxing standard eligibility criteria. We investigate this by 
keeping for each trial only the subset of the criteria that Trial Pathfinder 
identified to decrease the hazard ratio of the trial (that is, with a Shapley 
value less than zero) and relax the remaining restrictions. We denote 
this subset the ‘data-driven criteria’ (Supplementary Table 5). The set 
of data-driven criteria removes nine inclusion/exclusion rules on aver-
age. The hazard ratio of the overall survival had an average reduction 
of 0.05 compared with using the full eligibility criteria, and the number 
of eligible patients increased from 1,553 to 3,209 on average, an 107% 
increase (Table 1 and Extended Data Fig. 5).

Relaxing restrictive eligibility criteria has the important benefit of 
making clinical trials more inclusive for diverse populations (Sup-
plementary Tables 6–8). The patients who would be excluded by the 
original trial criteria but would be eligible in the relaxed rules tend to 
include more women and more patients older than 75 years. Detailed 
comparisons of patient characteristics between the original trial cohort 
and our emulations are shown in Supplementary Tables 9–18.

Additional validations
We performed several analyses to support the robustness of our results. 
In addition to using overall survival as the end point, we repeated all of 
the analyses for each trial using progression-free survival (Extended 
Data Table 2). To assess the robustness of our findings in light of the 
recent shift towards immunotherapies, we ran an analysis in which the 
data-driven criteria were applied to patients who received treatment 
between February 2017 and February 2020 (Supplementary Table 19). 

To assess the representativeness of our findings, we stratified our 
patient populations on the basis of geographical regions in the USA 
and the types of insurance plan (Supplementary Tables 20–28). We also 
applied Trial Pathfinder to 9,439 patients with aNSCLC who received 
Foundation Medicine genomic tests (Supplementary Tables 29–31). The 
results of all of these analyses are consistent with our primary findings.

Our primary analyses focused on aNSCLC trials because this cancer 
type had the most patients in the Flatiron Health database. To investi-
gate the generalizability of Trial Pathfinder to other types of cancer, 
we identified three additional trials in colorectal cancer, advanced 
melanoma and metastatic breast cancer with available trial protocols 
that can be encoded in the Flatiron database (Supplementary Table 32). 
In all three types of cancer, we found that the original trial criteria were 
overly restrictive. The data-driven criteria selected by Trial Pathfinder 
substantially increased the patient population (53% increase on aver-
age) while achieving a lower hazard ratio of the overall survival than 
the original trial criteria (a decrease of 0.13 in the hazard ratio of the 
overall survival on average) (Extended Data Table 3 and Supplementary 
Table 33).

Broadening the thresholds of laboratory tests
To more directly assess the effects on safety when broadening eligi-
bility criteria, we analysed the follow-up and evaluation of toxicity 
for 22 completed Roche oncology trials, which combined comprised 
11,602 patients. We found substantial heterogeneity in the eligibility 
criteria across these trials (Supplementary Table 34). Even trials that 
targeted the same cancer, in the same phase, and that involved treat-
ments of similar mechanisms used a number of different thresholds 
of laboratory values to exclude patients. Across aNSCLC, advanced 
melanoma, metastatic breast cancer and follicular lymphoma, trials 
with more relaxed thresholds of laboratory values for eligibility did not 
have more treatment withdrawals due to adverse events than trials with 
more stringent eligibility thresholds (Supplementary Table 35). This 
supports our finding that we can potentially broaden several common 
laboratory-based eligibilities—levels of bilirubin, platelets, haemo-
globin and ALP—to align with successful trials that already use these 
relaxed thresholds without increasing the toxicity risks for the patients.

We further support our findings by analysing abstracted toxicity 
data in a cohort of 1,000 patients with aNSCLC from the Flatiron data-
base. No significant difference in their baseline laboratory values at the 
start of treatment were found when comparing patients who reported 
toxicity-related adverse events during the course of treatment with 

Table 1 | Comparisons of eligibility criteria

Trial name Original trial criteria Fully relaxed criteria Data-driven criteria
No. of criteria No. of patients HR No. of patients HR No. of criteria No. of patients HR

FLAURA 10 2,277 0.81 3,819 0.82 4 2,546 0.75

LUX8 11 129 0.65 1,350 0.81 5 141 0.58

Checkmate017 17 523 0.67 4,900 0.71 7 4,085 0.71

Checkmate057 19 792 0.75 4,900 0.71 9 2,594 0.66

Checkmate078 18 1,509 0.74 4,900 0.71 9 3,348 0.68

Keynote010 13 806 0.56 1,950 0.51 1 1,948 0.51

Keynote189 15 4,066 0.88 8,818 0.94 7 4,595 0.85

Keynote407 13 2,031 1.13 10,437 1.07 4 9,173 1.04

BEYOND 12 2,902 1.09 9,310 1.14 4 3,043 1.08

OAK 19 493 0.88 1,288 0.87 6 620 0.80

Average 15 1,553 0.82 5,167 0.83 6 3,209 0.77

The number of inclusion/exclusion criteria, the number of eligible patients and the hazard ratio of the overall survival of emulated aNSCLC trials with eligibility criteria under three scenarios: the 
original criteria used in the trial, fully relaxed criteria and data-driven criteria. The fully relaxed criteria correspond to evaluating the hazard ratio of the overall survival of all of the patients in the 
Flatiron database who took the treatments in the relevant line of therapy. The data-driven criteria were selected by Shapley values. HR, hazard ratio.



Key insights – (2)

• More inclusive trial resulted in more women being selected into the 
trial cohort
• Expanded data-driven eligibility included older individuals (without

limiting comorbidities being selected into the trial)



Summary

• Hearsay: “Only ~10-15% of interventions in surgical specialties are 
backed by evidence from randomized control trials”
• Using observational data holds a lot of promise for the design of 

effective mechanisms
• But there is enormous debate in the community: 

• The Magic of Randomization versus the Myth of Real-World Evidence, Collins 
et. al, 2020

file:///Users/rahul/Downloads/Collins_Peto_MagicRandomization_NEJM_2020.pdf
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Treatment Control

Y is an outcome of interest (positive value good; negative 
value bad)
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How (and when) can 
we use observational 
data to mimic an RCT.


