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Electronic Health Databases

The increasing availability of electronic medical records offers a resource
to health researchers

General usefulness of this type of data to answer targeted scientific
research questions is an open question

varies

Need novel statistical methods that have desirable properties while
remaining computationally feasible
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We’ve Discussed Prediction

Machine learning aims to

I “smooth” over the data

I make fewer assumptions

I n > p

I handle data sparsity



Prediction: Options?

I Recent studies for prediction have employed newer algorithms.
(any mapping from data to a predictor)

I Researchers are then left with questions, e.g.,
I “When should I use random forest instead of standard regression?”
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Prediction: Ensembles



Risk Adjustment in Plan Payment

Over 50 million people in the United States currently enrolled in an
insurance program that uses risk adjustment.

I Redistributes funds
based on health

I Encourages
competition based on
efficiency & quality

I Huge financial
implications

xerox.com



Risk Adjustment in Plan Payment

Machine Learning: Reduced set of 10 variables 92% as efficient.

Rose (2016). Health Services Research.



Risk Adjustment in Plan Payment

Profit-Maximizing Insurer:

I Design plan to attract profitable
enrollees and deter unprofitable

I Cannot discriminate based on
pre-existing conditions

I Raise/lower out of pocket costs
of drugs for some conditions

I Distortions make it difficult for
unprofitable groups to find
acceptable coverage

Demonstrate drug formulary identifies unprofitable enrollees

Rose, Bergquist, Layton (2017). Biostatistics.



Risk Adjustment in Plan Payment
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Shrestha, Bergquist, Montz, Rose (2017). Health Services Research.
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Machine Learning + Causal Effect Estimation



Machine Learning + Causal Effect Estimation
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Image: Rose & van der Laan (2011)



Medical Devices

I National medical device system
has been proposed

I Information to distinguish devices
not currently routinely collected,
nor available in medical claims
(as it is for prescription drugs)

Implantable medical devices represent high-risk treatments often
evaluated in the premarket setting on the basis of smaller trials, are likely
to change quickly over time, and have led to serious side effects.
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Medical Devices



Cardiac Stents

Stent logo: elmedicointeractivo.com



Cardiac Stents: Results

Rose and Normand (2018). Biometrics. Funding: NIH R01-GM111339.



Cardiac Stents: Policy Implications

Implications for patients, hospitals, device manufacturers, and regulators.

I How can this information be incorporated into the patient’s
decision-making process?

I Will hospitals reconsider their complex contracting with
manufacturers to avoid poorer-performing devices?

I Should manufacturers consider pulling certain stents from the market?

I How should regulators respond to postmarket information that was
not available at the time of device approval?



Causal Machine Learning Tutorial

determining the optimal weighted algorithm. Researchers
have recently implemented super learning for propensity
score estimation (40, 41).

Fundamentally, TMLE and the other estimators discussed
can be implemented using machine learning algorithms, which
can prove advantageous in complex observational data. As
our simulation results demonstrate, super learning performed
better than or equal to parametric regression for all 3 estima-
tors. The ability of super learning to protect against certain
types of functional form misspecification is demonstrated by
the G-computation results, as super learning yielded smaller
bias than parametric regression with only main terms. Given
the complexity of data in typical observational studies, correct
specification of all parametric regressions is unlikely, yet bias
can arise from even minor functional form misspecification.
Machine learning algorithms, particularly ensemble methods
such as super learning, can empirically identify interaction,
nonlinear, and higher-order relationships among variables;
therefore, the corresponding ATE estimate is less likely to be
biased due to a misspecified functional form in comparison
with main-terms parametric regression. Additionally, while
TMLE with super learning and parametric regression per-
formed equivalently in our simulation study, TMLE with

super learning may outperform parametric regression in cases
of more complex data (14, 39, 41).

Implementation of TMLE is conceptually similar to and
shares estimation steps with other statistical methods used for
causal estimation in epidemiologic research. TMLE has
attractive statistical properties, particularly double robustness.
Additionally, it is straightforward to implement, as open-
source software is available (32, 45). As a flexible estimation
method that can easily incorporate nonparametric machine
learning methods, TMLE is another advanced tool that can
be added to the applied practitioner’s statistical toolbox.

ACKNOWLEDGMENTS

Author affiliations: Department of Health Care Policy,
Harvard Medical School, Boston, Massachusetts (Megan S.
Schuler, Sherri Rose).

This work was generously supported by the Marshall J.
Seidman Center for Studies in Health Economics and
Health Care Policy at Harvard Medical School (M.S.) and
the University of Utah (grant P0 163947 to S.R.).

Conflict of interest: none declared.

–10

0

10

20

30

40

50

Super Learner MT
Outcome

OV
Outcome

OV
Exposure

Super Learner MT
Outcome

OV
Outcome

Super Learner OV
Exposure

%

TMLE G-Computation IPW

Machine Learning

Misspecified Parametric

Estimator

Figure 2. Percent bias in the mean average treatment effect estimate in a simulation study of 3 different estimation methods (targeted maxi-
mum likelihood estimation (TMLE), G-computation, and inverse probability weighting (IPW)) across 1,000 simulated data sets. The true Y was
generated with the terms A, X1, X2, X3 and A × X3, and A was generated with X1, X2, and X3. Misspecified parametric regressions included out-
come main-terms (MT) misspecification, outcome omitted-variable (OV) misspecification, and exposure OV misspecification.

Am J Epidemiol. 2017;185(1):65–73

TMLE for Causal Inference 71

Schuler and Rose (2017). American Journal of Epidemiology.



Hospital Profiling

Spertus et al. (2016). Circulation: Cardiovascular Quality and Outcomes.



Hospital Profiling

Spertus et al  Assessing Hospital Performance With Big Data  9

confounder set was used, no significant differences in hospital 
classification were observed across methods.

Discussion
Increased access to registry data linked with other data 
sources presents several opportunities to outcomes research-
ers, including the ability to better risk adjust case-mix when 
assessing hospital performance. We introduced methods for 
direct standardization, which answer the question, “what 
is the mortality that would be observed if every patient in 
the state were treated at this hospital?” In contrast, indirect 
standardization seeks to determine the expected mortality 
for each hospitals’ patient population that would be observed 
if they were treated at a hypothetical average hospital.10,19 
Often, indirect standardization answers the more pertinent 
policy question, as hospitals will by necessity treat certain 
subsets of the population. Directly standardized outcomes 
may be of more interest to consumers, who can potentially 
choose where to receive care and would like to compare dif-
ferent hospitals.

We used a penalized regression approach to include more 
confounders, which led to wider confidence intervals. Wider 
intervals do not imply that the parsimonious subset is giving bet-
ter estimates. In fact, when using a smaller set of confounders, 
the researcher implicitly assumes that the excluded variables 
are not true confounders, and this previous knowledge is not 

based on the observed data. On the contrary, using a penalized 
regression method, such as the elastic net, explicitly consid-
ers each potential confounder and allows the data to determine 
which confounders contain important information. Wider con-
fidence intervals reflect the fact that our estimates are truly 
more uncertain than a parsimonious confounder subset would 
have us think. Penalized regression leverages large data sets to 
account for residual confounding in a way that is simply not 
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Figure 4.  Estimated coefficients selected for full confounder mortality outcome model. The y axis displays the risk of 30-d mortality on the 
log-odds (logits) scale. A higher risk indicates a higher chance of mortality with that confounder present. Negative risk indicates confounders 
that lower the risk of mortality in the studied population. One hundred and sixty-one of the 225 confounders considered received estimates 
of zero and are not shown. AMI indicates acute myocardial infarction; CAD, coronary artery disease; CHF, congestive heart failure; HF, 
heart failure; LAD, left anterior descending (artery); NEC, not elsewhere classified; NOS, not otherwise specified; NYHA, New York Heart 
Association; PCI, percutaneous coronary intervention; STEMI, ST-segment–elevation myocardial infarction; and w/o, without.

Table 3.  Hospital Classification Into Low, as Expected, or 
High 30-Day Mortality Hospitals, Based on 99.8% Confidence 
Intervals for Each Method and Confounder Set

Method and Confounder Set

Low 
Mortality 
Hospitals

As-Expected 
Hospitals

High 
Mortality 
Hospitals

Regression-only clinical 
confounders

7 11 6

A-IPW clinical confounders 8 10 6

TMLE clinical confounders 7 13 4

Regression-only full confounders 7 13 4

A-IPW full confounders 7 13 4

TMLE full confounders 7 14 3

Entries represent number of hospitals. A-IPW indicates augmented inverse 
probability weighting; and TMLE, targeted maximum likelihood estimation.
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Spertus et al. (2016). Circulation: Cardiovascular Quality and Outcomes.
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Difference-in Differences Parameters

I 78% of telemedicine visits for mental health, 2004-14

Telemental Health Visits in Rural Medicare Patients with Serious Mental Illness

Study impact of telemental health on ED visits, hospitalization, adherence



Difference-in Differences Parameters



Targeted Learning Methods

van der Laan & Rose, Targeted Learning: Causal Inference for
Observational and Experimental Data. New York: Springer, 2011.

targetedlearningbook.com



Targeted Learning Methods

van der Laan & Rose, Targeted Learning in Data Science: Causal Inference
for Complex Longitudinal Studies. New York: Springer, 2018.

targetedlearningbook.com



Health Policy Data Science Lab

healthpolicydatascience.org


