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ORIGINAL Article

Abstract: The use of retrospective health care claims datasets is fre-
quently criticized for the lack of complete information on potential 
confounders. Utilizing patient’s health status–related information 
from claims datasets as surrogates or proxies for mismeasured and 
unobserved confounders, the high-dimensional propensity score 
algorithm enables us to reduce bias. Using a previously published 
cohort study of postmyocardial infarction statin use (1998–2012), 
we compare the performance of the algorithm with a number of 
popular machine learning approaches for confounder selection in 
high-dimensional covariate spaces: random forest, least absolute 
shrinkage and selection operator, and elastic net. Our results suggest 
that, when the data analysis is done with epidemiologic principles in 
mind, machine learning methods perform as well as the high-dimen-

sional propensity score algorithm. Using a plasmode framework 
that mimicked the empirical data, we also showed that a hybrid of 
machine learning and high-dimensional propensity score algorithms 
generally perform slightly better than both in terms of mean squared 
error, when a bias-based analysis is used.
(Epidemiology 2018;29: 191–198)

Observational studies are the most pragmatic means of 
addressing drug efficacy questions under “real-life” clin-

ical practice settings.1 However, when we collect data from 
observational sources, the balance of covariates at baseline 
may no longer hold. Such imbalance could be mitigated easily 
by adjusting for respective confounders in a regression model 
or in a propensity score2,3 context. However, these methods 
assume “no unmeasured confounding,”4,5 that is, a sufficient 
set of confounders are recorded and adjusted in the analysis, 
either directly or through the propensity score.

Observational studies of drug efficacy often use admin-
istrative datasets. These datasets are not primarily collected 
for research purposes, so the investigators do not have much 
control over what covariates are measured. Therefore, studies 
based on pharmacoepidemiologic health care claims databases 
are frequently criticized for the lack of complete information 
on the potential confounders.6 Historically, researchers have 
adjusted for the set of available and measured covariates via 
regression or propensity score adjustments. When research-
ers perform data analysis and adjustment using only measured 
confounders, the estimated treatment effects may be biased 
and subject to residual confounding.7

Fortunately, a wide range of health care utilization data-
bases routinely collects a large volume of digital electronic 
administrative records. These data sources additionally con-
tain longitudinal information about patients’ health status and 
various related information, such as unique medical diagno-
ses, procedures, providers, health insurance plans, and pre-
scription dispensing, as well as information from electronic 
medical records, laboratory results, accident registries, and so 
on. This information, usually in the form of codes that can 
be translated into thousands of variables, are potentially cor-
related with the important unmeasured or imprecisely mea-
sured confounders5,8 and thus, can be used as overall proxies 
of them.9
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As these data are not usually collected for research 
purposes, it is not clear how to make optimal use of such 
information in an analytic setting. Conventional pharmaco-
epidemiological studies do use diagnosis, procedure, and drug 
prescription to define their exposure, outcome, and covari-
ates of interests, but they do not consider all the information. 
Schneeweiss et al.10 introduced an algorithm called the high-
dimensional propensity score algorithm that advocated the 
use of all the information available in health care claim data. 
Since its publication, there has been a growing interest in this 
approach (see eFigure A.1; http://links.lww.com/EDE/B300).

Unlike typical pharmacoepidemiologic studies, consid-
ering such a massive amount of proxy data is essentially a big 
data problem.11 According to the epidemiologic literature, in 
our propensity score model, we need to include variables asso-
ciated with the outcome, even if they are seemingly unrelated 
to the treatment decision.12 Using “kitchen-sink” models that 
indiscriminately adjust for all proxy covariates without consid-
ering how they affect treatment and outcome may be counter-
productive in terms of reducing bias or obtaining an efficient 
estimate of the treatment effect.2,12 This is particularly the case 
for instrumental variables because adjusting for such variables 
may amplify bias and increase variance.13 However, variable 
selection for confounder adjustment in this high-dimensional 
setting is a challenging problem because hand-picking such 
covariates (e.g., by an expert) is not practical. The proposed 
high-dimensional propensity score algorithm offers a practi-
cal way to select a large number of covariates that are suitable 
for the propensity score model. This algorithm automates the 
selection of adjustment covariates in seven well-defined steps10 
by empirically assessing bivariate associations between the 
proxy variables and outcome variables, adjusting for exposure 
prevalence. Based on their potential for confounding (usually 
measured via a bias score14), variables are assigned a rank (pri-
oritized), and only the highest ranked variables are selected for 
inclusion in a propensity score analysis (bias-based ranking). 
Generally, the 100 or 500 top-ranked empirical covariates 
are selected. These ranked empirical covariates are known as 
“high-dimensional propensity score variables.”6 In simulation 
and empirical studies,10,15,16 the high-dimensional propensity 
score algorithm has been shown to optimally reduce bias in 
many comparative effectiveness studies. Other criteria such 
as exposure based ranking are also suggested in the literature 
for situations with few exposed outcomes15 (eAppendix A.5; 
http://links.lww.com/EDE/B300 for corresponding formulas).

To deal with the challenge of dimensionality, many 
machine-learning methods have been proposed in the statis-
tical, epidemiologic as well as big-data literature.17,18 Meth-
ods based on, say, classification and regression trees18 are 
inherently flexible, data-adaptive and associated with less 
strict assumptions, and have considerable potential to capture 
various features of the data, such as nonlinear patterns, inter-
action, and higher-order effects.19–23 Most of these machine-
learning methods, however, tend to focus on increasing the 

predictive accuracy.24 Similar to the previously discussed pro-
pensity score settings, blindly including all possible covariates 
into the machine-learning methods may amplify bias in the 
analysis due to the inclusion of covariates that are irrelevant 
to the outcome.13,25

In this work, we deal with customizing some of these 
machine-learning methods to incorporate the appropriate vari-
ables that follow the epidemiologic principles (e.g., include 
variables associated with the outcome in the propensity score 
modeling). As the title suggests, the current research aims at 
finding out whether the machine-learning Methods, trained 
with the relevant epidemiologic principles,12 can outperform 
the high-dimensional propensity score algorithm. We will also 
consider hybrid approaches to bring together both types of 
algorithms and harness their respective strengths.

METHODS

Empirical Dataset
We utilized a retrospective population-based cohort 

study using the United Kingdom data from the Clinical 
Practice Research Datalink.26 These data were linked to the 
Hospital Episode Statistics database, which contains detailed 
hospitalization records. A total of 32,792 patients aged 18 and 
older, and diagnosed with an initial postmyocardial infarction 
(MI) were drawn from the databases between 1 April 1998 and 
31 March 2012. This cohort consists of 19,121 patients treated 
with statin within 30 days after the diagnosis of MI. All-cause 
mortality was evaluated as any death recorded in the databases 
during the 1-year follow-up period. Previous research identi-
fied five important confounders: age, sex, obesity, smoking, 
and history of diabetes.26 Twenty-four other potential known 
confounders were designated as predefined covariates for the 
study (listed in the eAppendices A.2 and A.3; http://links.lww.
com/EDE/B300). From four linked data dimensions, we cre-
ate binary proxy covariates, following the high-dimensional 
propensity score algorithm,10 considering the top 200 most 
prevalent codes (details in eAppendix A.4; http://links.lww.
com/EDE/B300). To distinguish these covariates from the 
investigator-specific covariates, we call them empirical covari-
ates.27 This study was approved by the Independent Scientific 
Advisory Committee for Medicines and Healthcare Prod-
ucts Regulatory Agency database research (protocol number 
14_018) and the Research Ethics Board, Jewish General Hos-
pital, Montreal, Canada.

Adjustment Tools
We have listed the high-dimensional propensity score 

methods and the machine-learning alternatives under consid-
eration in Table 1. In this work, we used deciles of the propen-
sity score distribution as a covariate in the outcome analysis. 
We calculate the odds ratio (OR) from methods (1–5) for com-
parison purposes. Approaches (6–7) are high-dimensional 
propensity score methods. Pure machine-learning meth-
ods, such as least absolute shrinkage and selection operator 
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(LASSO) (8), were recently proposed as an alternative to the 
high-dimensional propensity score algorithm6 (shown via 
data analysis and simulation). We propose to use a machine-
learning approach in this work known as elastic net (9).28 This 
approach is capable to generally selecting a more stable super-
set of the LASSO selected confounders.29 Random forest 
method (10)30 is another machine-learning approach that has 
been recently used in another data analysis (but not simula-
tion) context in comparison with high-dimensional propensity 
score.31 This approach uses a prediction error–based crite-
rion to decide the “variable importance” of each empirical 
covariate in predicting the outcome. We also consider hybrid 
approaches (11–12), that combine high-dimensional propen-
sity score and machine-learning approaches6,31 (eAppendix 
A.6; http://links.lww.com/EDE/B300 discusses the technical 
details of the software use).

Plasmode Simulation
To evaluate the performance of the high-dimensional 

propensity score algorithm and the machine-learning meth-
ods in a realistic high-dimensional covariate settings, we 
conducted a plasmode simulation16,32 study mimicking our 
empirical study where associations and correlations between 

covariates reflect real-world settings (details in eAppendix 
A.7; http://links.lww.com/EDE/B300).

Simulation Specifications
In total, we considered 18 plasmode simulation set-

tings (parameter specifications are listed in Table  2). These 
settings fall under two broad scenarios: (U-set) unmeasured 
confounding present, that is, all variables (empirical as well 
as investigator-specified) were used to generate data, but five 
important confounders were omitted during data analysis, 
which is the general scenario where analysts are more likely 
to engage a high-dimensional propensity score analysis, and 
(A-set) all variables are measured and included in the analysis. 
Simulation settings are varied by the true underlying model 
generating the outcome, assigned covariate effect multiplier 
(γ), the prevalence of outcome and exposure (pY and pE, 
respectively), and the presence of unmeasured confounding, 
all of which has been identified as useful parameters for plas-
mode simulations.16,33,34 For simplicity, we set the true OR to 
be 1. To avoid the problem of noncollapsibility of the OR,35,36 
we followed the usual practice in the literature to estimate a 
measure of effect that is collapsible (e.g., risk difference)32,37 
and calculate bias and mean squared error (MSE) accordingly 

TABLE 1.   Adjustment Tools Under Consideration: (i) Basic Comparators; (ii) High-dimensional Propensity Score Methods;  
(iii) Machine Learning Methods; and (iv) Hybrid Approaches

Name Description

Basic comparators  

 � (1) Crude Crude analysis without any covariate adjustment

 � (2) PS important PS analysis with only the 5 important covariates.

 � (3) Regression Regression adjustment with 29 investigator-specified covariates.

 � (4) Regular PS PS analysis with 29 investigator-specified covariates.

 � (5) Kitchen-sink All ECs as well as 29 investigator-specified covariates are placed in the PS model without any hdPS or machine-learning 

preselection.

hdPS  

 � (6) 500-hdPS PS analysis with 500 hdPS variables.

 � (7) 100-hdPS PS analysis with 100 hdPS variables.

Pure machine-learninga  

 � (8) All-EC-LASSO (1) �Initialize the outcome model with all possible ECs. In this model, based on the relationship with the outcome, LASSO 

shrinks a number of unstable estimated covariate coefficients to zero and eliminates the respective hdPS covariates from 

the outcome model. LASSO will return a reduced model with a subset of ECs that are meaningfully associated with the 

outcome. (2) We then use this subset of ECs to build our PS model and (3) subsequently perform outcome analysis again 

using the treatment and PS deciles as covariates.

 � (9) All-EC-Enet Similar to approach (8), but using elastic net instead of LASSO.

 � (10) 500-EC-rF (1) �Based on the outcome and covariate association in a multivariate random forest model, 500 top important variables are 

identified and (2) they are used to build a reduced PS model. (3) Subsequent outcome-exposure association are then 

assessed after adjusting for the estimated PS deciles.

Hybridb  

 � (11) Hybrid-LASSO LASSO models will perform variable selection on the selected 500 hdPS variables and reduce the number of covariates to be 

used in the PS model.

 � (12) Hybrid-Enet Similar to approach (11), but using elastic net instead of LASSO.

aAll ECs are entered into in the machine-learning algorithms. No high-dimensional propensity score preselections are necessary.
bOnly the 500 ECs selected by the high-dimensional propensity score algorithm are entered into the initial model.
EC indicates empirical covariate; hdPS, high-dimensional propensity score algorithm; LASSO, least absolute shrinkage and selection operator; PS, propensity score.
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(considering risk difference of zero to be a true parameter). In 
each of these simulation scenarios, we considered generating 
N = 500 datasets with m = 10,000 subjects in each dataset.

RESULTS

Empirical Data Analysis Results
Treatment Effect Estimation

All our OR estimates are plotted in eFigure A.6; http://
links.lww.com/EDE/B300 with corresponding confidence 
intervals. Without any adjustment, the estimated crude OR 
is 0.3. The five most important covariates are not well bal-
anced at baseline (see eAppendix Table A.1; http://links.lww.
com/EDE/B300). Adjusting for these five important covari-
ates in the propensity score model resulted in an estimated 
OR of 0.47. Considering 24 additional investigator-specified 
covariates (see eAppendix A.2; http://links.lww.com/EDE/
B300) resulted in an OR of 0.62. Adding more covariates 
moved the OR to some extent. As we are dealing with obser-
vational data sources, unmeasured confounding is a concern. 
To reduce the effect of potential residual confounding in the 
analysis, researchers would prefer to adjust for more variables. 

Under the assumption that the collected empirical covariates 
are likely associated with unobserved confounders and can be 
used as proxies of the unmeasured confounders, we built a 
propensity score model with all possible empirical covariates 
as well as 29 investigator-specified covariates (“kitchen-sink” 
approach). The resulting OR is 0.65, which is very close to 
the previous OR 0.62 that we obtained from utilizing only the 
investigator-specified covariates.

For any propensity score (and high-dimensional propen-
sity score) model building process, it is essential to assess the 
balance in the propensity score distribution.38 When we had 
only 29 investigator-specified covariates, the propensity score 
from both exposure group had sufficient overlap (see eFigure 
A.4; http://links.lww.com/EDE/B300). However, when we 
included all possible empirical covariates in our kitchen-sink 
model, control status (0) and exposure status (1) are almost per-
fectly predicted by the large propensity score model, and hence 
there is not sufficient overlap in the middle, suggesting that the 
kitchen-sink model does not sufficiently adhere to the diagnos-
tic criteria (e.g., overlap) recommended for assessing balance.

However, after selecting top 100 high-dimensional pro-
pensity score variables, we can see there is sufficient overlap in 
the propensity score in both groups. Even when we selected the 
top 500 high-dimensional propensity score variables, the overlap 
seems satisfactory (see eFigures A.4–A.5; http://links.lww.com/
EDE/B300). The OR from the 100 high-dimensional propensity 
score approach is 0.74 (see eFigure A.6; http://links.lww.com/
EDE/B300). When we considered more variables, say 500 high-
dimensional propensity score variables, the OR is 0.78.

Using the LASSO selection model, we can get a subset of 
empirical covariates. Using them in propensity score analysis, 
we get the OR 0.76. When elastic net is used for variable selec-
tion, it results in OR of 0.77. We can see that with 500 important 
empirical covariates chosen by the random forest approach, the 
OR is 0.79. Hybrid approaches also resulted in similar ORs.

Sensitivity Analysis
We performed a sensitivity analysis to check whether 

the use of empirical covariates in the analysis can somewhat 
compensate for the omitted confounders. Let us assume that 
we have not collected five confounders that were deemed 
important for this study previously26 and we want to inves-
tigate if high-dimensional propensity score analysis can 
compensate for such missing or omitted information. We 
performed high-dimensional propensity score analysis all 
over again without those five confounders; results are plot-
ted in eFigure A.7; http://links.lww.com/EDE/B300. We can 
see that ORs estimated the 500 high-dimensional propensity 
score, machine-learning methods, and hybrid approaches are 
apparently higher than that from the propensity score analysis 
that included those five confounders (marked by the grey line 
at OR = 0.62). Therefore, methods utilizing these surrogate 
variables that are potentially associated with the unmeasured 
confounders, resulted in increasing the ORs (all ORs above 

TABLE 2.  Plasmode Simulation Settings Under 
Consideration Modifying the Cohort of Postmyocardial 
Infarction Statin Use (1998–2012)

Simulation Scenarioa γb pE
c pY

d Unmeasured Confounders

1-U 1 40 5 Yese

2-U 3 40 5 Yes

3-U 5 40 5 Yes

4-U 1 40 10 Yes

5-U 3 40 10 Yes

6-U 5 40 10 Yes

7-U 1 10 5 Yes

8-U 3 10 5 Yes

9-U 5 10 5 Yes

1-A 1 40 5 No

2-A 3 40 5 No

3-A 5 40 5 No

4-A 1 40 10 No

5-A 3 40 10 No

6-A 5 40 10 No

7-A 1 10 5 No

8-A 3 10 5 No

9-A 5 10 5 No

aEach of these scenarios was generated from the following plasmode simulation’s 
outcome generating equation: logit[Pr(Y = 1)] = α0 + θ × α1T + γ × α2X. Here, Y is 
the outcome, T is the treatment indicator, X is the matrix of investigator-specified and 
empirical covariates. α0 is the intercept, α1 and α2 are the treatment effect and the 
covariate effects, respectively, θ and γ are multipliers of the treatment effect and the 
covariate effects, respectively. See eAppendix A.7 for details.

bγ, the covariate effect multiplier, uniformly amplifies observed association between 
each covariate and the outcome.

cpE is the prevalence of exposure.
dpY is the prevalence of outcome.
eDiscarding five most important confounders identified in previous research: age, 

sex, obesity, smoking, history of diabetes.
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0.62). However, none of the estimates reached the same level 
as the earlier analyses, when we included these five confound-
ers (compared with eFigure A.6; http://links.lww.com/EDE/
B300, either of the dotted lines).

Simulation Results
If Unmeasured Confounding Present

All the simulation results shown in graphs are sorted 
in the same order the approaches were presented in Table 1. 
Figures A.8–A.10 demonstrate the performance of each of the 
approaches under consideration for simulation scenarios 1-U, 
4-U, and 7-U when unmeasured confounding present (set-U), 
and high-dimensional propensity score variables are selected 
based on bias score. In all these scenarios, all the approaches 
using empirical covariates (even the 100-high-dimensional 
propensity score approach) performs better than the regular 
propensity score approach.

When we have a higher exposure prevalence (pE = 40) 
but a less prevalent outcome (pY = 5) in simulation scenario 
1-U, in general, these approaches are associated with least 
bias. Bias was slightly increased when exposure prevalence 
was lower (pE = 40 and pE = 10 in scenario 4-U), but most 
biases are related to scenarios when outcome prevalence (pE 
= 10 and pE = 5 in scenario 7-U) is more. In all these settings, 
hybrid methods (Hybrid-Enet and Hybrid-LASSO) seem to 
do better in terms of MSE than any of the pure machine-
learning or high-dimensional propensity score algorithms. 
Except for scenarios 5-U and 6-U, hybrid methods continue 

to perform well when we consider stronger covariate asso-
ciations (eAppendix A.9.2; http://links.lww.com/EDE/B300: 
eFigures A.11–A.16; http://links.lww.com/EDE/B300). In 
those two scenarios, pure machine-learning method 500-EC-
rF performs best in terms of both bias and MSE.

When high-dimensional propensity score variables were 
selected based on exposure-based selection in the same set-U 
scenarios, machine-learning methods (All-EC-Enet, 500-
EC-rF and All-EC-LASSO) perform better in all situations, 
considering MSE as a criterion for comparison; see eFigures 
A.17–A.25; http://links.lww.com/EDE/B300). Note, however, 
that estimates obtained from high-dimensional propensity 
score, machine-learning methods and hybrid approaches uti-
lizing the empirical covariates were not much different in any 
of the settings we have considered in terms of the magnitude 
of difference in the effect estimate. Considering fewer vari-
ables in the analysis did not change the results in general (see 
eAppendix A.9.6; http://links.lww.com/EDE/B300).

If All Relevant Variables Are Measured
In an unlikely scenario, when all relevant variables are 

measured and included in the analysis (set-A), hybrid meth-
ods perform well in all scenarios when bias score was used 
for ranking (see eFigures A.26–A.34; http://links.lww.com/
EDE/B300). Again, pure machine-learning methods perform 
well when exposure-score was used for ranking (see eFigures 
A.35–A.43; http://links.lww.com/EDE/B300). Table  3 lists 

TABLE 3.  Methods Performing Best in Various Simulation Scenarios in Terms of Mean Squared Error and Bias Criteria: Pure 
High-Dimensional Propensity Score Methods Are Marked as Italic and Pure Machine-Learning Approaches as Bold

Scenario

Bias-Based Exposure-Based

MSE Bias MSE Bias

1-U Hybrid-Enet Hybrid-Enet All-EC-Enet All-EC-Enet

2-U Hybrid-LASSO 500-hdPS All-EC-Enet All-EC-Enet

3-U Hybrid-LASSO 500-hdPS All-EC-Enet All-EC-Enet

4-U Hybrid-Enet Hybrid-Enet 500-EC-rF 500-EC-rF

5-U 500-EC-rF 500-EC-rF 500-EC-rF 500-EC-rF

6-U 500-EC-rF 500-EC-rF 500-EC-rF 500-EC-rF

7-U Hybrid-Enet 500-hdPS All-EC-LASSO All-EC-Enet

8-U Hybrid-Enet 500-EC-rF All-EC-LASSO All-EC-LASSO

9-U Hybrid-Enet 500-hdPS All-EC-LASSO All-EC-Enet

1-A Hybrid-LASSO All-EC-LASSO All-EC-Enet All-EC-LASSO

2-A Hybrid-LASSO Hybrid-LASSO All-EC-Enet All-EC-Enet

3-A Hybrid-Enet Hybrid-LASSO All-EC-LASSO All-EC-Enet

4-A Hybrid-LASSO All-EC-Enet All-EC-Enet All-EC-Enet

5-A Hybrid-LASSO 500-EC-rF 500-EC-rF 500-EC-rF

6-A Hybrid-Enet 500-EC-rF 500-EC-rF 500-EC-rF

7-A Hybrid-Enet 500-hdPS All-EC-LASSO All-EC-Enet

8-A Hybrid-Enet 500-EC-rF All-EC-LASSO All-EC-Enet

9-A Hybrid-LASSO Hybrid-Enet All-EC-LASSO All-EC-Enet

EC indicates empirical covariate; hdPS, high-dimensional propensity score algorithm; LASSO, least absolute shrinkage and selection operator; MSE, mean squared error; PS, 
propensity score; Enet, elastic net; rF, random forest.
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all the best approaches based on the chosen criteria (bias or 
MSE).

Considering “Bias” as a Criterion
As shown in Table 3, the superior performance of the 

machine-learning or hybrid approach is also true when we 
consider bias as a measure of criterion instead of MSE. The 
500-high-dimensional propensity score approach performed 
best when the bias-based analysis was conducted in four sce-
narios (in set-U) and only once (in set-A) in the absence of 
unmeasured confounding. In terms of exposure-based anal-
ysis, 500-high-dimensional propensity score or any of the 
hybrid approaches never came out on top in either criterion 
(bias or MSE). Considering exposure-based analysis, pure 
machine-learning methods are always the best no matter 
which criterion you choose.

Proportion of Chosen Variables in Common
Previously it was shown via simulation, that the vari-

ables chosen by the LASSO approach were mostly differ-
ent than the variables selected by the bias score (bias-based 
and exposure-based).6 Apparently, the empirical covariates 
selected by the random forest method are also very differ-
ent than the empirical covariates selected by the LASSO and 
elastic net method. In our data analysis context, only about 
30% variables are in common when we picked 100 variables 
from the random forest and 100 high-dimensional propensity 
score variables from the elastic net approach (see eAppendix 
A.10; http://links.lww.com/EDE/B300 for scenarios 1, 4 and 
7). However, although the variables were different, the result-
ing ORs were in close proximity.

DISCUSSION
Application of machine-learning methods in the 

analysis of high-dimensional health care databases is not 
new.6,31,34,37,39,40 Unlike much of the previous literature in this 
context, we clearly distinguish between high-dimensional pro-
pensity score, machine-learning, and hybrid approaches and 
compared them under a unified framework. One of the novel 
aspects of the current work is that we have utilized machine-
learning for identifying and selecting confounders (based 
on the association between the covariates and the outcome) 
instead of using them in direct exposure modeling to enhance 
prediction, as was done in some earlier works.19,31,41 In this 
article, in the context of analyzing a health care administra-
tive dataset, under the same framework, we aimed to assess 
the performances of three machine-learning methods as well 
as two hybrid approaches (combination of high-dimensional 
propensity score and machine-learning methods) and com-
pared them with a regular high-dimensional propensity score 
analysis in adjusting for residual confounding.

We compared high-dimensional propensity score and 
machine-learning methods in a retrospective cohort study of 
statin use post-MI and the 1-year risk of all-cause mortality. 

When considering 500 or more empirical covariates, the esti-
mated ORs were between 0.76 and 0.79. Such findings are 
consistent with the previous study results based on the same 
empirical dataset using a double robust estimation approach42: 
the reported OR was 0.77 and a sensitivity analysis suggested 
an OR of 0.8 when the estimated propensity score were trun-
cated at the first and 99th percentile to avoid creating extreme 
inverse probability weights.26 However, from the analysis of 
observational data, no matter how sophisticated the estima-
tion approach is, we cannot be sure that we have obtained the 
right answer. Noncollapsibility of OR further prevents us from 
making a meaningful comparison between ORs estimated 
from various approaches under consideration. Therefore, we 
have conducted plasmode simulation studies to assess statisti-
cal properties of results from these approaches.

Through assessing empirical data analysis and 18 
plasmode simulation scenarios, we found that results from 
approaches utilizing empirical covariates are generally similar 
to each other and the magnitude of difference in results of 
these approaches are generally small. This finding is consis-
tent with the relevant literature.6,31 When bias-based ranking 
is utilized for selection of high-dimensional propensity score 
variables, hybrid approaches performed slightly better than the 
other approaches when comparing in terms of MSE, irrespec-
tive of whether unmeasured confounding was present or not. 
When compared with respect to bias, both high-dimensional 
propensity score and machine-learning approaches performed 
well. Exposure-based analysis results were slightly inferior 
to the bias-based analysis in our context, but pure machine-
learning methods always performed well in these scenarios. 
To answer the question in the title in this article, we were able 
to train the pure machine-learning methods to perform almost 
as good as the high-dimensional propensity score methods in 
many scenarios, if not better. We get even more powerful per-
formance when we combine both approaches.

We need to consider a major limitation of this high-
dimensional propensity score algorithm. In the bias-based 
analysis, the ranking of the empirical covariates in high-dimen-
sional propensity score analysis is done separately based on 
bivariate associations of the confounder and the outcome.43 
In high-dimensional setting, one can think a scenario, where 
many covariates are correlated, and they may contribute the 
same information. Thus, some of these selected high-dimen-
sional propensity score variables might not have a confounding 
influence in the presence of the others.44 Further generic limi-
tations of this approach are outlined in eAppendix A.11; http://
links.lww.com/EDE/B300. To reduce overfitting problem fur-
ther, contrary to the regular high-dimensional propensity score 
algorithm (that considers bivariate association of the outcome 
and an empirical covariate), machine-learning approaches 
jointly consider all the empirical covariates in one multivariate 
model. These multivariate models follow the same epidemio-
logic principle that the empirical covariates associated with the 
outcome need to be included in the propensity score model.12

http://links.lww.com/EDE/B300
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All machine-learning methods, however, do not share 
the same strengths and limitations. One of the known limits 
with LASSO is that for a highly correlated group of variables, 
LASSO tends to select only one variable from a group and 
ignores the rest of them.29 However, one correlated group could 
include more than one important confounder, and picking just 
one of them could potentially result in residual confounding. 
Elastic net is a compromise between LASSO and ridge regres-
sion and therefore inherently more stable than a LASSO even 
in the presence of severe multicollinearity. Elastic net allows 
selection of more than one variable from a correlated group if 
they are deemed sufficiently important. In terms of identify-
ing important risk factors, data analysis examples and simu-
lation studies have shown that the elastic net approach often 
outperforms the LASSO approach.28 With high-dimensional 
propensity score selection as well as random forest approach, 
we generally do not know how many of the covariates are opti-
mal to adjust, and generally between 200 and 500 variables are 
considered based on subjective judgement. LASSO and elas-
tic net select a necessary number of risk factors based on asso-
ciation with the outcome, and users do not have to decide how 
many variables to use. The computational burden associated 
with the machine-learning method is a cause for concern.21,22 
In high-dimensional setting, the associated computational 
time may be formidably high.

A number of recent studies showed that compared with a 
mere propensity score adjustment (using investigator-specified 
confounders only), further adjustment using the high-dimen-
sional propensity score algorithm had little or no impact on the 
estimates.45,46 The propensity score building models used in these 
high-dimensional propensity score algorithms, such as para-
metric logistic regression model, are mostly historical artifacts 
and likely inadequate to exploit the wealth of high-dimensional 
administrative data properly.40,47 In our work, in terms of MSE, 
we showed that the hybrid approaches, such as Hybrid-Enet and 
Hybrid-LASSO, that further refined the confounder selection 
from a chosen high-dimensional propensity score selected vari-
able pool, performed better than the regular high-dimensional 
propensity score approaches in most settings.

Our findings in this article have important implications. 
In all the scenarios we have considered in this work, machine-
learning and hybrid methods were shown to perform as well 
as or better than the conventional high-dimensional propen-
sity score method and hence can be considered as reliable 
alternatives. Routines for these machine-learning approaches 
are widely available in almost all the major software pack-
ages (see eAppendix A.6; http://links.lww.com/EDE/B300), 
and they are easy to implement in situations where an exten-
sive list of features (thousands of variables) are available.32 
By design, as empirical covariates are binary variables, we do 
not need to worry about nonlinearity while implementing the 
high-dimensional propensity score algorithm.48 Also, inclu-
sion of interactions in the high-dimensional setting generally 
does not affect the effect estimates much.10 However, in the 

process of categorization and not assessing interactions, we 
do lose information that could be otherwise useful in detect-
ing more signals from the original nonbinary proxy variables 
using data-adaptive machine-learning algorithms. However, 
since the high-dimensional propensity score algorithm is 
dependent on Bross’s formula,14 the current high-dimensional 
propensity score algorithm is constrained only to handle 
binary covariates, binary exposure, and binary outcomes. 
Regarding handling various types of variables, many of the 
pure machine-learning methods are free from such limitation 
in general and can be easily extended to handle continuous, 
count, or survival outcomes49,50 as well as various types of 
covariates (binary, count, continuous).

The high-dimensional propensity score–based analy-
ses are done based on a strong assumption that the selected 
empirical covariates collectively serve as proxies for all 
unmeasured or residual confounders.44 As a result of this 
assumption, residual confounding is thought to be adjusted 
by high-dimensional propensity score analysis. However, this 
assumption is not empirically verifiable and hence debatable. 
When we use high-dimensional propensity score or alterna-
tive machine-learning methods, we do expect to reduce the 
effect of residual confounding to some extent, but eliminat-
ing residual confounding completely is unlikely in a real-life 
setting. The scope of the bias reduction will generally depend 
on the availability of the right surrogates of the unmeasured 
or imperfectly observed factors.9,10 As seen in the sensitiv-
ity analysis from our empirical data analysis example, none 
of the methods adjusting for numerous proxy variables were 
able to compensate for the omitted confounders fully. As a 
general rule of thumb, one should always consider doing a 
regular propensity score analysis first and then perform a 
high-dimensional propensity score analysis. That way, one 
can have a sense of the amount and direction of correction and 
adjustment. In our simulations, high-dimensional propensity 
score, machine-learning methods, and hybrid approaches uti-
lizing the empirical covariates always performed better than a 
regular propensity score analysis.
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