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ABSTRACT

Observational epidemiological studies commonly seek to estimate the causal effect of an exposure on an outcome. Adjustment
for potential confounding bias in modern studies is challenging due to the presence of high-dimensional confounding, which
occurs when there are many confounders relative to sample size or complex relationships between continuous confounders and
exposure and outcome. Doubly robust methods such as Augmented Inverse Probability Weighting (AIPW) and Targeted Maximum
Likelihood Estimation (TMLE) have the potential to address these challenges, using data-adaptive approaches and cross-fitting,
but despite recent advances, limited evaluation and guidance are available on their implementation in realistic settings where
high-dimensional confounding is present. Motivated by an early-life cohort study, we conducted an extensive simulation study
to compare the relative performance of AIPW and TMLE using data-adaptive approaches for estimating the average causal effect
(ACE). We evaluated the benefits of using cross-fitting with a varying number of folds, as well as the impact of using a reduced
versus full (larger, more diverse) library in the Super Learner ensemble learning approach used for implementation. We found that
ATPW and TMLE performed similarly in most cases for estimating the ACE, but TMLE was more stable. Cross-fitting improved
the performance of both methods, but was more important for variance estimation and coverage than for point estimates, with
the number of folds a less important consideration. Using a full Super Learner library was important to reduce bias and variance
in complex scenarios typical of modern health research studies.

1 | Introduction

Estimating the causal effect of an intervention or exposure
on an outcome in an observational study requires accounting
for multiple sources of confounding. Modern-day studies are
data-intensive, often collecting a large amount of data, including

background, demographic, and biological factors, which in prin-
ciple should allow for stronger inferences by enabling more
extensive control of confounding. However, exploiting these
opportunities requires addressing what we call the problem of
high-dimensional confounding, which arises when there is a
large number of confounders relative to sample size, or a few

Abbreviations: ACE, average causal effect; AIPW, augmented inverse probability weighting; CML, causal machine learning; TMLE, targeted maximum likelihood

estimation.
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continuous confounders that may have a complex relationship
with the exposure and/or outcome of interest. Analytical adjust-
ment for confounding in these settings can be challenging.

Commonly used methods for the estimation of causal effects,
such as g-computation or inverse probability weighting (IPW)
are singly robust (SR), meaning they rely upon a single model
being correctly specified [1, 2]. G-computation involves the fit-
ting of an outcome model (conditional expectation of the out-
come given the exposure and confounders), and IPW an exposure
model (probability of exposure given confounders). In the con-
text of high-dimensional confounding, such methods are at risk
of misspecification bias because the single model is commonly
based on simplistic parametric functions [1, 3]. Specifically, in set-
tings with a large number of confounders (or higher-order terms)
and limited sample size, it can be challenging to apply the meth-
ods without some form of variable selection or model simplifi-
cation, and attempting to do this naively can impact the validity
of inferences [4, 5]. Indeed, many studies reduce to a restricted,
manageable adjustment set that may not be sufficient to control
confounding, resulting in bias. Additionally, the failure to capture
complex nonlinear relationships between variables can poten-
tially lead to further bias [2, 6-8].

To overcome these concerns, it is tempting to consider incorpo-
rating data-adaptive approaches to flexibly fit the single model
required for SR methods. We define data-adaptive approaches
as those where the modeling approach or algorithm used to fit
the model is capable of learning from the data, in the sense that
the full functional form is not fixed but can adapt. Data-adaptive
approaches include machine learning (ML) approaches, and the
terms are frequently used interchangeably [9] (p. 44), although
data-adaptive can also refer to parametric variable selection
approaches like stepwise regression, an approach that we do
not consider here. Data-adaptive approaches could potentially
provide protection against misspecification bias as well as a
way of avoiding inappropriate a priori variable selection in
high-dimensional confounding settings. However, data-adaptive
estimators typically have non-standard asymptotic behavior,
meaning that they are often non-normal, and their standard
errors do not converge to zero at a rate of 1 /\/Z. As a result,
the use of data-adaptive approaches with SR methods is prob-
lematic, with this behavior leading to bias in point estimates and
with no valid approach to obtain standard errors [1, 10-12]. For
example, for g-computation with data-adaptive approaches, the
non-parametric bootstrap has been shown to be invalid for vari-
ance estimation [13]. In general, challenges in the construction
of CIs [14], and underestimated variance and under-coverage
have been reported, signaling that misleading inference is a
concern [1, 12].

As promising alternatives to SR methods, Augmented Inverse
Probability Weighting (AIPW) [15-17] and Targeted Maximum
Likelihood Estimation (TMLE) [9, 18, 19] involve the fitting
of both an outcome and an exposure model. AIPW and TMLE
provide consistent estimation if at least one of the two models
is consistently estimated, which is why they are referred to
as doubly robust (DR). These methods also achieve optimal
semi-parametric efficiency if both models are consistently esti-
mated [20, 21]. Moreover, in contrast to SR methods, DR methods

can validly incorporate the use of data-adaptive approaches to
fit both models under some conditions. In particular, they are
partially insulated against the slow convergence rates that affect
data-adaptive estimators of the exposure and outcome models,
provided that both are consistent. Consistency of both esti-
mators is needed to ensure that AIPW and TMLE are root-n
consistent when using data-adaptive approaches, meaning the
double robustness property holds for consistency but not for
the stronger requirement of root-n-consistency (and this in
particular for the validity of standard errors). Cross-fitting (CF),
whereby the outcome and exposure models are fit in subsets
(folds) of the data and the causal effect estimate is obtained from
the remaining data, has been proposed to improve the estimation
of standard errors and for valid inference in the context of DR
methods [22, 23].

However, there is limited evaluation, comparison, and guid-
ance on the implementation of what we will henceforth refer
to as “causal machine learning” (CML) (AIPW and TMLE with
data-adaptive approaches) with CF in realistic settings encoun-
tered in modern observational studies with high-dimensional
confounding [24]. Most methodological studies evaluate and
compare the methods with and without CF in less realistic set-
tings, with very few or binary confounders only [1, 3]. Empirical
studies applying these methods often have large sample sizes, but
many real-world studies have sample size limitations. In general,
empirical studies applying these methods have been limited to
settings where high-dimensional confounding has not been con-
sidered, when perhaps it should have been [18, 25-27]. To our
knowledge, no studies have comprehensively evaluated and com-
pared AIPW and TMLE, with and without CF, whilst considering
varying sample sizes in the high-dimensional setting. In addition,
there are limited studies that have evaluated how the number
of folds used in CF may affect the performance of AIPW and/or
TMLE [28].

Here, motivated by a real-world case study, we conduct an exten-
sive simulation study to address these gaps in the context of
estimating the average causal effect (ACE), to provide practical
guidance on the application of CML methods in realistic settings.
The manuscript is organized as follows. Section 2 introduces the
motivating case study. Section 3 outlines relevant notation and
assumptions, and Section 4 provides details on AIPW and TMLE
for the estimation of causal effects. Section 5 outlines key consid-
erations for the implementation and evaluation of DR methods.
Sections 6 and 7 describe the simulation study design and results.
In Section 8, to illustrate, we apply the methods to the case study,
following which, in Section 9, we discuss our findings and their
implications.

2 | Overview of the Motivating Case Study

The motivating example draws on data from the Barwon Infant
Study (BIS), a birth cohort study with antenatal recruitment con-
ducted in the south-east of Australia [29]. Infants included in the
study were reviewed at multiple time points in early life (includ-
ing at birth, 12 months, and 4 years of age). Further details regard-
ing eligibility, recruitment criteria, and measures obtained for BIS
are provided elsewhere [29].
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One focus area for research in BIS is the developmental origins
of cardiovascular disease (CVD). There is growing evidence for a
role of inflammation in CVD [30, 31]. Chiesa et al. [32] found that
inflammation (as measured by a biomarker called Glycoprotein
acetyls (GlycA) obtained directly from blood samples) was asso-
ciated with adverse cardiovascular profiles in adolescence and
also predicted future risk. In adults, pulse wave velocity (PWV),
a measure of arterial stiffness (higher PWV can indicate greater
arterial stiffness), has been shown to predict CVD events [33, 34].
It is therefore of interest to examine the effect of early life inflam-
mation on PWV at a later age in childhood (post infancy). The
motivating example focuses specifically on the following research
question: What is the effect of early life inflammation, as mea-
sured by GlycA in I-year-old infants, on PWV at 4years of age?
We standardize the outcome (PWV) in the BIS data and con-
sider GlycA as a dichotomous exposure, indicating either high or
low inflammation. We dichotomize the exposure to make results
relevant for the majority of applications that currently focus on
binary exposures. The literature has not established a definitive
cutoff for GlycA that would be indicative of high inflammation
in infants, so we examined the impact of having inflammation in
the top quartile of the distribution, dichotomizing GlycA at the
75th percentile.

To address the proposed causal question, one must consider
the potential confounding role of background factors (e.g.,
demographic, environmental, familial, and perinatal) and other
metabolomic factors, as depicted in the directed acyclic graph
(DAG) of Figure 1 developed using subject-matter expertise. In
BIS, metabolomic measures at 1 year of age and PWV at 4 years of
age were only obtained for a subset of the participants by design.
Details on missing data are provided in Table S1 of Section 1
of the Supporting Information. Only participants with complete
data (no missing data on any of the relevant variables, n =252)
were included in the case study, as evaluation of challenges
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associated with the presence of missing data was not considered
here (see Section 9). Characteristics of the infants included are
outlined in Table 1. Here, we have clearly identified a problem of
high-dimensional confounding because we have a sample size of
252 and up to 87 potential confounders, with 78 of these being
continuous confounders.

3 | Notation and Assumptions

We consider a binary exposure indicator X, coded 1 for exposed
(in the motivating example, 1 =high GlycA), and 0 for the unex-
posed (0=1ow GlycA), continuous outcome Y (in the example,
Y is the standardized PWV at 4 years of age) and a vector of con-
founders, W (based on subject-matter expertise). Let Y ¥=* be the
potential outcome under exposure x.

3.1 | Causal Estimand

We focus on the average causal effect (ACE), defined as
E[YX=!] — E[Y*=°], interpreted as the difference in average
potential outcome in the population of interest when (a) every-
one is exposed versus when (b) everyone is unexposed [35, 36].
In the motivating example, this is the difference in average PWV
that would be seen at 4 years of age if everyone in the target pop-
ulation were set to have high versus low GlycA at 1 year of age.

3.2 | Identification

In the absence of missing data, under the assumptions
of exchangeability (YX=* 1L X |W for x=0,1), consis-
tency (YX=* =Y when X =x and x=0,1), and positivity
(P[P(X =x|W) > 0] =1 for x =0,1), we can identify the ACE
from observable data as E[EY|X =1,W)—- EXY|X =0,W)]

4 years

-ﬁe;zi)olites
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~ O\ v \ \* v *vv
Glycoprotein acetyls _> Pulse wave velocity
(GlycA) x)< \ M . ;PWV) v)

(WFL- z)
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FIGURE1 | Directed Acyclic Graph (BIS DAG) for the Barwon Infant Study motivating example, and as used for data-generation in the simulation

study.
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TABLE1 | Characteristics of participants in the Barwon Infant Study
(BIS) analytic sample used in the case study.

Inflammation®
Low, High, Overall,
Characteristic N=18%® N=63* N=252°

Pre-pregnancy BMI (kg/m?) 24.5[21.7, 23.5[21.3, 24.3[21.7,

27.8] 28.4] 27.9]

Socio-Economic Indexes for
Areas (SEIFA)

Low 65 (34%) 19 (30%) 84 (33%)

Med 63 (33%) 21 (33%) 84 (33%)

High 61(32%) 23(37%) 84 (33%)
Mother smoking in pregnancy 22(12%) 10(16%)  32(13%)
Gestational diabetes in 8 (4.2%) 3(4.8%) 11 (4.4%)
pregnancy
Pre-eclampsia in pregnancy 7 (3.7%) 2(3.2%) 9(3.6%)

Birthweight (grams) 3531 (521) 3442 (581) 3508 (537)
Infant sex
Female 82(43%)  37(59%) 119 (47%)
Male 107 (57%) 26 (41%) 133 (53%)
Maternal age at birth (years) 32.1(4.3) 32.8(3.9) 323(4.2)
Gestational age at birth
32-36 completed weeks 9 (4.8%) 4(6.3%)  13(5.2%)
37-42 completed weeks 180 (95%)  59(94%) 239 (95%)
Mode of birth
Caesarean 75(40%)  20(32%)  95(38%)
Vaginal 114 (60%) 43 (68%) 157 (62%)
Weight-for-length z-score at 0.72(1.09) 0.75(1.04) 0.72(1.08)
12 months
Age at 12-month measures 12.93 12.97 12.94
(months) (0.80) (0.75) (0.79)
Breastfeeding duration 81, 22] 410, 24] 710, 22]
(exclusive weeks)®
Postnatal smoke exposure 29 (15%) 10(16%) 39 (15%)

2GlycA at 1 year of age, dichotomized using the 75th percentile of the observed distribution as
the threshold.

YMean (SD), Median [IQR] or Frequency (%) as appropriate.

“Number of weeks that infant was exclusively breastfed (i.e., no supplementary feeding).

which is the g-formula [2, 37]. It is worth noting that some of
these assumptions are debatable in the motivating example,
particularly the consistency assumption given the lack of a
well-defined intervention. However, we assume they hold for the
remainder of the manuscript given our focus is on examining
the performance of estimators under those conditions (also see
Section 9).

4 | Doubly Robust Methods

Under the assumptions outlined in Section 3, the ACE can
be estimated using DR methods. We focus on two DR methods,
AIPW and TMLE. For both of these methods, models are fitted for
the conditional expectation of the outcome Y given the exposure
X and confounders W, E[Y|X, W] (the outcome model) and
for the propensity score, P(X = 1|W) (the exposure model). The
outcome and exposure models are often referred to as

nuisance models because they are not of intrinsic interest but
instead are used within AIPW and TMLE to estimate the target
parameter [38].

DR estimators for the ACE are obtained by determining and
then utilizing an efficient influence function (EIF), which has a
unique form that is determined by the target parameter of inter-
est [39]. DR estimators are constructed in a manner that allows
them to attempt to correct for the bias (termed plug-in bias) that
is induced when using g-computation with the data-adaptive
approaches. Further details regarding the derivation and inter-
pretation of the EIF, as well as plug-in bias, can be found else-
where [40].

41 |
(AIPW)

Augmented Inverse Probability Weighting

ATPW is often referred to as a one-step correction or one-step esti-
mation approach [41] and is based on directly subtracting an esti-
mate of the bias term from the g-computation estimator. Based
on the fitted outcome model, predicted values, El(w) =E [Y|X =
1,W = w] and Eo(w) = E\[le =0,W = w] are obtained for
each record, for X =1 and X = 0 respectively. The estimate of
the ACE is then calculated as

@

where ﬁ(w) = 13()( = 1|W = w) is an estimate of the propensity
score based on the fitted exposure model. The estimated variance
of the AIPW estimator is obtained as follows: [22, 42]

i I ~ Yi_E\l(wi)
n—1; El(w,)—Eo(w,-)+X,-( ) )

- l/I;AIPW (2)

4.2 | Targeted Maximum Likelihood
Estimation

In contrast to AIPW, after initial estimation of the outcome and
exposure models, TMLE has a targeting or updating step, again
with the purpose of correcting the bias of the g-computation esti-
mator. Unlike ATPW, TMLE respects the bounds of the estimand’s
parameter space [23]. TMLE can be implemented using a proce-
dure already well described in the literature (e.g., Schuler and
Rose [2] and Luque-Fernandez et al. [20]), whereby the fitted
exposure score model is used to generate a “clever” covariate.
Using this, targeted or updated predicted outcomes E;‘(w) and
Eg(w) are constructed for X = 1 and X = 0, respectively, for each
record, and these are used to estimate the ACE, with the estimator
defined as
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n n
A~

~ 1 -
YTMLE = a ZEl (Wi) -

i=1 i=1

Es () ®

The variance for TMLE is obtained similarly to AIPW by using
(2), with @ in place of P, py, and with EX(W) and Ej(W) in
place of EO(W) and EO(W), respectively.

5 | Data-Adaptive Estimation of Nuisance
Functions

When applying and evaluating the DR methods, there are key
implementation considerations. In this section, we briefly outline
key considerations that are explored in this paper.

5.1 | Data-Adaptive Approaches

Data-adaptive approaches can be used within the DR meth-
ods to estimate each of the nuisance functions, with the pre-
dictive performance of the approaches being the key criterion
of interest. Therefore, nuisance function estimation can be
viewed as a prediction modeling problem. One can consider
parametric data-adaptive approaches, such as penalized regres-
sion methods (e.g., least absolute shrinkage and selection oper-
ator (LASSO) ([43, 44], p. 64-65)) wherein coefficients can
be shrunk toward zero (or in some cases, set to zero), and
are controlled or influenced by decision rules of the method.
One can also consider non-parametric data-adaptive approaches,
which include tree-based (e.g., random forest (RF) [45]) and
non-tree-based (e.g., neural networks ([46], p. 141-145)), sup-
port vector machines ([44], p. 337-389) methods, and often allow
greater flexibility than the parametric approaches. In this work,
we consider both parametric and non-parametric data-adaptive
approaches.

51.1 | Ensemble Learning

In seeking to improve predictive performance, it is common to
use an ensemble learning approach ([47], p. 15), wherein multiple
data-adaptive approaches, termed learners, are considered simul-
taneously. The group of learners considered for the prediction
problem is called a candidate library, and the learners within are
used to solve the same prediction problem, but predictions from
the learners are combined to arrive at a solution with strength-
ened predictive ability.

In this work, we use the Super Learner (SL), a widely used ensem-
bling approach in the context of DR estimation of causal effects
[2, 3,18, 24-27].

We consider two libraries of differing diversity containing
non-adaptive parametric approaches (e.g., GLMs) as well as
data-adaptive parametric and non-parametric approaches. Fur-
ther details are provided in Section 6.3.

5.2 | Cross-Fitting

Cross-fitting (CF) has been proposed as an approach to help over-
come issues that may arise from overfitting when using CML

approaches [3, 39]. In this section, we outline the form of CF [11,
22,25, 48, 49] that we consider in this work.

CF (or K-fold CF) is where the sample of size n is split randomly
into K > 2 parts (folds) of roughly equal size (n/K). The nuisance
models are fitted on all but one fold (the complement), and the
remaining fold is used to get predictions from these models. The
process is repeated K times, so that each fold k = 1,2, ..., K is
used to obtain predictions once (by rotation). The predictions are
then used within the given DR method to obtain a final estimate
of the causal effect. In this study, when CF was applied, stan-
dard errors were calculated from the EIF (refer to Section 2 of
the Supporting Information for implementation details) [11]. For
TMLE with CF, targeting was performed in the remaining data
that was not used to fit the nuisance models, an approach consis-
tent with van der Laan and Rose [9], Motoya et al. [50] and Balzer
and Westling [12], although we note that there are alternative
implementations that retain the same theoretical properties [51].

6 | Simulation Study: Design and Methods
6.1 | Aim

We aimed to compare the performance of AIPW and TMLE using
SL with different choices of library (reduced vs. full) and differ-
ent implementations of CF (no CF and with 2, 5, and 10 folds)
in realistic scenarios, largely informed by the BIS case study. We
considered a range of scenarios, varying data generating mecha-
nism complexity, confounder set size (p =14 or 87), and sample
size (n = 200, 500, 1000, and 2000). The small confounder set was
modeled on demographic and background confounders in the
BIS study, and the large set additionally considered metabolites
[see Section 3 of the Supporting Information (Tables S2-S4) for
more details].

6.2 | Data-Generating Mechanisms

The variables (confounders, exposure, and outcome) were gener-
ated in the order specified in Section 4 of the Supporting Infor-
mation (Tables S5-S7). Parametric regression models were used
to simulate variables for all five data-generating mechanisms,
three of which involved the small confounder set (simple-1,
complex-1a, and complex-1b), and two of which involved the large
confounder set (simple-2, complex-2), detailed below. Parameters
for the data-generation models were, unless otherwise stated,
obtained by fitting analogous models to the BIS data.

Under the simple data-generating mechanisms (simple-1 and
simple-2), we considered exposure and outcome regression mod-
els with main effects only and a linear association for the continu-
ous covariates. Complex data-generating mechanisms considered
exposure and outcome models with main effects and two-way
interactions (confounder-confounder and exposure-confounder
as appropriate), with linear and non-linear associations for the
continuous covariates. For the small confounder set, we used
two complex scenarios, with coefficient values for interaction
terms two times larger than observed in the BIS data (complex-1a)
and another with coefficients for the interaction terms four
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times larger (complex-1b) than observed in the BIS data. For the
large confounder set, we considered one complex scenario with
coefficient values as observed in the BIS data (complex-2). For
full details regarding the data-generating mechanisms, refer to
Section 4 of the Supporting Information (Tables S6-S11).

We simulated 2000 datasets for each data generation mechanism
and sample size, with this number of simulation replications
determined based on a requirement that the Monte Carlo SE for
a coverage of 95% be no greater than 0.5%. Overall, 20 scenar-
ios were considered (four sample sizes for five data-generating
mechanisms). When generating the outcome in each scenario,
we set the main effect to be of a size determined such that the
null hypothesis of zero average causal effect was formally rejected
(using the threshold of p < 0.05) in approximately 80% of the sim-
ulated datasets for the given sample size. We chose to keep the
power constant to ensure that coverage probabilities, our main
metric of interest, were comparable across sample size scenar-
ios. The intercepts in all outcome models were modified so that
the mean of Y remained at 0. Further details on the parame-
ters used in the generation of confounders, exposure, and out-
come are provided in Section 4 of the Supporting Information
(Tables S12-S23).

6.3 | Estimand and Methods Compared

We estimated the average causal effect (ACE) of X on Y via
ATPW and TMLE with no CF and with CF, using varying folds
(2, 5 and 10). SL was used with 10-fold cross-validation for out-
come and exposure prediction modeling. Reduced (less flexible)
and full (more flexible) candidate libraries for SL were consid-
ered using default hyperparameters for each learner. The reduced
library was chosen to include less flexible approaches. Specifi-
cally, it included the following non-adaptive and data-adaptive
parametric approaches: GLM, GLM with pairwise interactions,
Bayesian GLM, generalized additive modeling and GLM with
Lasso/Elastic net regularization. The full library was comprised
of the approaches in the reduced library and an additional set of
more flexible, non-parametric data-adaptive approaches, includ-
ing learners more likely to result in biased standard errors with-
out the use of CF. Further details on the SL candidate libraries are
provided in Section 5 of the Supporting Information (Table S24).
To deal with extreme inverse probability weights, truncation of
propensity score predictions at the 5th and 95th percentiles was
undertaken.

6.4 | Performance Measures

For each scenario, to evaluate performance, we calculated the
bias (the difference between the average of the ACE esti-
mates across the 2000 simulations and the true value of the
ACE), the relative bias (bias divided by the true ACE, as
a percent) as well as the empirical standard error, average
model-based standard error (model SE), and relative error of
the model-based SE compared to the empirical SE (%). We
also estimated the coverage probability of the 95% Wald CI.
To calculate performance measures, the true values of the
ACE used in each scenario were obtained empirically in a sin-
gle very large simulated dataset [full details and true values

used are provided in Section 6 of the Supporting Information
(Table S25)]. We also estimated the Monte Carlo Standard Errors
(MCSEs) for each performance measure. Morris et al. [52] pro-
vide more detail on the performance measures and how they are
obtained.

7 | Simulation Study: Results

Our presentation and assessment of performance focus on the
reporting of bias in point estimates (relative bias), the empirical
SE, relative error in the model-based SE, and coverage probabil-
ity. In general, patterns for the complex-1b scenario were similar
to complex-1a. Hence, Figures 2-5 show performance measures
for AIPW and TMLE when the reduced and full libraries were
applied in SL across sample sizes, for the small confounder set
(simple-1 and complex-1a) and the large confounder set (simple-2
and complex-2). Tables S26-S34 in Section 7 of the Supporting
Information contain results for both the reduced and full libraries
across all scenarios, for the comprehensive panel of performance
measures, including associated Monte Carlo standard errors. This
section mainly describes the results, and a fuller discussion of the
findings is provided in Section 9.

71 | Method Comparison (AIPW vs. TMLE)

In general, both DR methods performed similarly across the key
performance measures, except that AIPW failed to produce sensi-
ble results for a few datasets when CF was applied (2-12 datasets
across scenarios). In these settings, the standard error was > 10
times the median standard error or the absolute value of the
point estimate was > 5 times the absolute value of the median
point estimate. These results were omitted from the figures, with
details provided in Figures 2-5 and in the Supporting Informa-
tion (Section 7, Table S26).

Relative biases in point estimates were very similar between
methods (Figure 2). A small number of exceptions were noted for
the variance (empirical SE) and coverage probability (Figures 3
and 5). For example, at the smallest sample size of 200 with
simple-1 and simple-2, the empirical SE appeared larger for AIPW
than TMLE, a difference that appeared to dissipate when larger
sample sizes were considered.

The relative error in model-SE was the indicator for which the
most differences between methods were observed. As mentioned
above, AIPW results obtained on a small number of datasets
were not sensible when CF was applied, and the relative error
in model-SE was large with the inclusion of these results. For
example, for simple-1 with a sample size of 1000, full library in
SL, and 5-fold CF, the relative error in model-based SE was 87.5%
and 4.5% prior to and after the exclusion of 2 datasets, respec-
tively. The pattern of method differences for the relative error in
model-SE was not clear, and those observed may potentially be
due to the instability of AIPW.

7.2 | Impact of Using Cross-Fitting

In general, relative bias appeared to be of similar magnitude
whether CF was applied or not (Figure 2). Empirical SE was
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scenario. Results from a small number of datasets were excluded for AIPW (but not TMLE) (refer to Sections 7.1 and 5 of the Supporting Information

for more details).

observed to be similar with or without CF, except for complex-2
at smaller sample sizes (n =200, 500), where it was larger with
CF than without (Figure 3). In general, the use of CF resulted
in lower relative error in model-SE than without CF (Figure 4).
The use of CF appeared to improve coverage compared to not
using CF, resulting in coverage probabilities that were closer to
nominal (Figure 5).

Lastly, when CF was applied in scenarios with a large confounder
set (simple-2 and complex-2), the relative error in model-SE
appeared to grow with increasing sample size considered, which
resulted in lower coverage (further from nominal) (Figures 4

and 5). The same pattern was not observed for scenarios that con-
sidered the small confounder set (simple-1 and complex-1a), or
when CF was not applied. See Section 9 for discussion of these
findings.

7.3 | Impact of Varying the Number of Folds
Within Cross-Fitting

In general, method performance was similar regardless of the
number of folds used within CF (Figures 2-5). An exception
was noted at larger sample sizes (e.g., n =2000) with complex-1a,
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FIGURE3 | Simulation study results for the Empirical SE for AIPW and TMLE with varying use of cross-fitting, by scenario (data generating
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some calculated performance measures (refer to Sections 7.1 and 5 of the Supporting Information for more details).

where using 2 folds appeared to result in lower bias compared to
the use of > 5 folds with CF (Figure 2). Across scenarios at smaller
sample sizes, empirical SE was slightly smaller when using > 5
folds than with 2 folds, but at larger sample sizes (e.g., n =2000),
empirical SE was similar regardless of the number of folds used
(Figure 3). Patterns were harder to discern for the relative error
in model-SE (Figure 4), with other factors appearing more impor-
tant than the number of folds (e.g., the method). For cover-
age, with the larger confounder set (simple-2 and complex-2),
fewer folds appeared slightly better as sample size increased
(Figure 5).

7.4 | Library Impact

Here we outline general observations regarding method perfor-
mance according to the library used in SL. The full library pro-
duced substantially less bias in point estimates for complex-1a
at the largest sample size (n=2000) and for complex-2 across
all sample sizes compared to the reduced library. Otherwise,
the reduced library performed as well as or better than the full
library in terms of bias across all the sample sizes considered.
Empirical SE did not appear to differ by the library used in
SL except for complex-2, where empirical SE appeared smaller
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they had on some calculated performance measures (refer to Sections 7.1 and 5 of the Supporting Information for more details).

with the full compared to the reduced library at all sample
sizes.

For relative error in model-SE and coverage, the impact of library
on method performance appeared to differ according to whether
CF was applied or not (Figures 4 and 5). In general, but with some
exceptions, smaller library differences were observed for relative
error in model-SE and coverage when CF was applied. When
CF was not applied, larger library differences were observed for
simple-1 and complex-1a, where higher relative error in model-SE
and lower coverage (further from nominal) were observed when
the full library was used compared to the reduced library.

8 | Application to the BIS Case Study

For the BIS case study example, we applied both ATPW and
TMLE without CF and with CF, using 2, 5, and 10 folds. We
used reduced and full libraries in SL [composition detailed in
Section 5 of the Supporting Information (Table S24)], and we
considered the two confounder sets analogous with those that
motivated the simulation study design [detailed in Section 3 of
the Supporting Information (Tables S2-S4)]. Henceforth, we use
the following terminology: partially adjusted refers to estimates
obtained using a confounder set that contains demographic and
background confounders only (p=14), and fully adjusted refers
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to an estimate adjusted for a set that contains demographic, back-
ground, and metabolomic confounders (p = 87).

8.1 | Results

The results are presented in Figure 6. Full results are available
in Section 8 of the Supporting Information (Table S35, and the
distribution of estimated propensity scores by exposure group is
provided in Figures S1 and S2).

In general, estimated effect sizes were small for both methods,
with and without CF and regardless of library used. A sensible

fully adjusted estimate for the ACE was unable to be obtained
for AIPW, with a full library and 10-fold CF, with the large and
implausible estimate (—3.7; 95% CI [—17.2, 9.8]) reminiscent of
unstable results reported in the simulation study for AIPW in
some datasets. In addition, fully adjusted point estimates when
using the reduced library appeared larger than those obtained
when using the full library, potentially explained by the larger
bias in point estimates seen in the simulation study with the
reduced library in the most complex scenario.

Otherwise, point estimates and the width of CIs were similar
for both methods. One exception was for AIPW with partial

10 of 16

Statistics in Medicine, 2025

85UB017 SUOLLLIOD SAIERID 3|qeoljdde au) A peusenob ae safoiie YO '8sN J0 Sa|Nn 1oy Akeudi]8UlUO 8|1 UO (SUONIPUOD-PUR-SLLLBI WD AB | IM' Aleq 1 put|uo//SdnL) SUONIPUOD pue SIS | 8U1 89S *[6202/TT/22] U0 A%iqi78uljuo AB|IM *1unod 4oseesay [eIIPBIN PUY UleSH [eUoIEN AQ 2220/ WIS/Z00T OT/I0p/wod" 8| im Akeiq 1l juo//sdny Wwol pepeojumoq ‘'2z-02 'S20Z '8520L60T



Reduced library

Full library

B
- IR EIREN

No CF 2F 5F 10F

No CF 2F 5F 10F

Number of folds used in cross—fitting

FIGURE 6 | Estimated average causal effect (ACE) with accompanying 95% CI, of inflammation (GlycA) in 1-year old infants on Pulse Wave velocity
(PWV) at 4 years of age (standardized), obtained by applying the methods to the BIS motivating example. ~ demographic and background confounders
only; * demographic, background, and metabolomic confounders. Estimate for AIPW using fully adjusted confounder set and full library in SL with
10-fold cross-fitting not shown in figure as too large to be sensible (refer to Table S35 in Section 8 of the Supporting Information).

adjustment when using the reduced library in SL without CF,
where the estimate was larger and less precise than for TMLE
(possibly due to the instability of AIPW mentioned above).
Another exception was observed with full adjustment, where
the CIs accompanying estimates (where available) were slightly
wider for AIPW compared to TMLE, with this observation being
more marked when the full library was used in SL.

In general, estimates were of similar magnitude with and without
CF, but CIs were wider when implemented with CF compared
to when no CF was applied. When CF was used and sensible
estimates were able to be obtained, point estimates were similar
regardless of the number of folds used. The width of CIs was sim-
ilar when 5 or 10 folds were used with CF. With the full library,
but not the reduced library, CI widths were larger with 5 or 10
folds than when 2 folds were used with CF.

8.2 | Insights From the Simulation Study

Next, we consider which of the several approaches used in the
example would be considered most reliable in light of the simu-
lation study results. Specifically, we consider simulation results
for the complex scenarios because, in this example, we think it
is highly plausible that there are complex relationships among
variables. With this in mind, simulation results suggest that for a

larger confounder set (full adjustment) and the small sample size
in this motivating example, the use of the full library and CF may
produce the most trustworthy and credible estimates. The find-
ings of the simulation study suggest a slight preference for TMLE
over AIPW due to stability. In contrast, for the small confounder
set (partial adjustment), we found in the simulation study that
method performance was best when using the reduced library
rather than the full library and when CF was applied.

9 | Discussion

We conducted a simulation study that was motivated by a real-
istic study to answer key questions regarding the relative perfor-
mance of AIPW and TMLE, the use of CF, and the number of
folds used within CF when estimating the ACE in the presence
of high-dimensional confounding. We found that, in general, in
this setting, AIPW and TMLE performed similarly, but AIPW
exhibited some stability issues. CF did not greatly affect the bias
of point estimates but was important to reduce the bias in the
model-based SE and for improving the coverage of the methods.
In general, there was no substantial difference between using 2,
5, or 10 folds when using CF with the CML methods. In com-
plex scenarios, the full, more flexible library was important for
bias in point estimates, especially at larger sample sizes, and for
empirical SE.
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In the high-dimensional setting, our findings suggest that,
although either ATPW or TMLE may be sensible choices of
method to estimate the ACE, some caution is warranted with
ATPW. Occasional instability of ATPW is likely explained by limi-
tations of the method, where estimates produced may not always
be within the natural bounds of the parameter space, in contrast
to TMLE where this is not an issue because it is a substitution
estimator [6]. With a complex scenario (regardless of the num-
ber of confounders), the full library appeared important, and this
is as we would expect, with the more flexible algorithms needed
to capture the complexity. Regardless of sample size or the num-
ber of confounders used, CF should be used with CML methods,
and this is even more important if a full library is used. These
results are in line with expectations that CF helps reduce the bias
in variance estimation arising from the use of flexible ML algo-
rithms. Interestingly, the number of folds used in CF did not have
much impact on method performance, with other factors appear-
ing more important (e.g., method and library choice).

Our findings align with previous methodological studies
evaluating and comparing these CML methods with and with-
out CF, although, unlike our study, most have considered
low-dimensional confounding only (with very few or binary
confounders only), with little focus on strong high-dimensional
confounding [1, 3] or motivation from realistic case studies. One
exception is a recent study by Meng and Huang [24] which
considered both a realistic setting and high-dimensional
confounding (~1000 observations, 331 covariates), and like
us, observed that ATIPW and TMLE with CF performed simi-
larly in general. Li et al. [53] evaluated CML methods, finding
that both AIPW and TMLE with CF are favorable for robust
inferences, as we found, but their study was in the context of
a randomized experiment, with sample sizes in general much
larger than we considered. In the literature it has been suggested
that the number of folds considered with CF should be higher
for smaller sample sizes than for larger sample sizes [12]. In
simple settings without high-dimensional confounding, Cher-
nozhukov et al. [22] report that 4 or 5 may work better than
2 folds. However, until our study, there has been no existing
guidance on the number of folds to use in CF in realistic settings
that feature high-dimensional confounding. We found that in
general, CML method performance was similar regardless of the
number of folds. In line with previous recommendations, other
factors (library, method) appeared more important than number
of folds used across the full range of performance indicators.

Meng and Huang [24] found that parametric learners generally
performed similarly to or outperformed non-parametric learn-
ers in a realistic setting and had lower computational times. Our
findings in simple scenarios are consistent with that study, but
in complex scenarios (e.g., complex-2), we found that the use
of the full, more flexible library was important to reduce bias
in point estimates and variance, particularly for larger sample
sizes, with variation depending on the number of confounders
used. An explanation for this could be that our full library consid-
ered learners that extended beyond tree-based methods, with the
importance of doing so highlighted in a recent commentary [12].
It could also be due to differences in the design of our simulation
study, such as our data-generating mechanisms, because conclu-
sions in regard to the use of parametric versus non-parametric
learners will likely be very specific to the chosen data-generating

mechanisms. Another possible explanation is the variant of CF
used (single CF) as opposed to other variants of CF available,
including what is referred to as double CF [3]. Phillips et al. [54]
provide guidance regarding the choices that need to be made
when using SL, including library construction. They state the
importance of using a diverse library in SL, though emphasize
that the number of learners included might need to be limited in
the high-dimensional confounding setting. Our study adds to this
important literature by re-emphasizing the need to carefully con-
sider the setting-specific constraints (e.g., sample size and num-
ber of confounders) when choosing a library.

Our research strongly suggests that caution is warranted when
applying these methods, with careful consideration of SL library
composition required. We found indications that performance
does not necessarily improve with increasing sample sizes. For
example, in scenarios where we considered the large confounder
set and used CF, we found increasing bias in model-SE and
decreasing coverage, alongside decreasing bias in point esti-
mates, as larger sample sizes were considered. For these sce-
narios (simple-2, complex-2), we noted larger SL coefficients
were assigned to the glmnet learner at smaller sample sizes
than at larger sample sizes (Supporting Information: Section 9,
Figures S3 and S4). A possible explanation for this observation
could be that simpler algorithms like glmnet are prioritized at
smaller sample sizes, which are in turn less prone to overfitting or
less likely to give extreme propensity score estimates. In keeping
with this suggestion, we observed that the estimated propensity
scores were more variable and had a much smaller minimum
(closer to zero) for the larger sample sizes than for the smaller
sample sizes (Supporting Information: Section 9, Figures S5 and
S6). A possible explanation for this observation is that at the lower
sample size, the screening within glmnet reduces the variable
set, inducing bias in point estimates but dampening variability
in the propensity scores. At larger sample sizes, the retention of
variables helps reduce bias in point estimates but induces greater
variability, with estimated propensity scores closer to zero result-
ing in biased model-SE’s and poorer coverage. This phenomenon
suggests that careful selection of the learners within SL is impor-
tant in the sample sizes commonly encountered in modern obser-
vational studies. Future research should examine the inclusion of
ridge regression or high-dimensional regression [55] as learners,
which are expected to be better at handling a large number of vari-
ables with non-null effects. It is important to note that in practice,
estimated propensity scores close to zero or one may indicate a
lack of overlap, which raises conceptual issues, and therefore it is
important for researchers to always inspect estimated propensity
scores.

Strengths of our simulation study include that it was informed
by a realistic case study, where we attempted to simulate
confounders with dependencies consistent with associations
observed between them in our realistic dataset. We considered
several scenarios, representing both simple and complex data
generating mechanisms, and simultaneously evaluated the
performance of the methods across a range of modest sample
sizes that are likely to be encountered in observational studies.
However, although we considered a wide range of scenarios,
further data generating mechanisms could be considered to
control the heterogeneity of the ACE across scenarios. Indeed,
in the complex scenarios, for the outcome generation models,
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while the main effect coefficient value for the exposure was
modified depending on sample size to control power (and thus,
ensure comparability of coverage probability estimates across
scenarios), coefficients for the interaction terms were not modi-
fied depending on sample size. This could have induced greater
heterogeneity in the causal effect across strata in some scenarios,
making it more challenging to compare the bias of point and SE
estimates across scenarios. Further aspects of SL implementation
that could potentially affect CML method performance [56] were
not fully explored. For example, we did not consider the tuning
of hyperparameters for the learners and did not compare the use
of screening vs. no screening in SL implementations as we only
considered libraries without separate explicit screening.

A further limitation of our study is that we did not examine the
method for CF that aggregates over different random seeds to do
the split, suggested by Chernozhukov et al. [22], which could be
more robust than the methods we assessed that relied on a sin-
gle seed/split. Recent studies have highlighted challenges in the
practical implementation of DR methods with CF due to depen-
dence on particular splits [28, 57, 58], and shown that increasing
the number of folds in CF can potentially reduce the dependence
on the seed [28]. We examined this in additional simulations,
focusing on the most complex scenario (complex-2), at both the
smallest (n=200) and largest sample sizes (n=2000). Specifi-
cally, we ran simulations under these settings to obtain estimates
aggregated over multiple splits and examined the sensitivity of
our simulation conclusions to this factor. Results are provided
in Supporting Information, Section 10, Figures S7 and S8, and
although there was some variation in results for these scenarios
(e.g., for both sample sizes when the reduced library was used,
the aggregate method had greater bias in model-SE and lower
coverage than that observed in the original simulation study),
our main conclusions regarding the impact of increasing num-
ber of folds held. We also compared the results for the case-study
application with results obtained by aggregating estimates over
multiple splits (e.g., applying Chernozhukov et al. [22] suggested
approach) (Supporting Information, Section 10, Figure S9). Con-
clusions were similar in this case regardless of approach, but
confidence intervals for the aggregated estimates were wider. We
note that recent literature has suggested that an alternative way
of reducing seed dependence is to increase folds in CF to a sen-
sible number dependent on the dimensionality of the data [59].
This is less computationally demanding than aggregating. Care-
ful consideration to the dependence on splits should be given in
the practical application of these methods, with further research
in this area warranted.

Finally, the simulation was based on one realistic motivating
example, which may limit the guidance that is able to be pro-
vided from this study. Further, this case study had its own lim-
itations. The exposure was dichotomized at an arbitrary cut-off.
An alternative approach to tackle such settings is to consider the
exposure as continuous, which would require defining the esti-
mand in a different way (see below). In addition, we acknowl-
edge that there are many interventions that may bring GlycA
concentration below the 75th percentile, and each of these could
have different effects on cardiovascular health; that is, the inter-
vention remains ill-defined, which would challenge the causal

consistency assumption. While these complexities arise often in
discovery-phase studies of this kind, they do not justify ignoring
confounding bias.

Future research directions could explore the CML methods in
applications with a rare treatment or a binary, possibly rare out-
come, or a large number of categorical confounders, all of which
could bring about challenges with the application of CF. Explor-
ing the impact of the CF variant [e.g., double CF compared
to single CF (the variant of CF that we used)] on the perfor-
mance of the methods would also provide insight. Double CF may
possibly result in weaker rates of convergence requirements for
the nuisance parameters compared to single CF [24]. However,
Zivich and Breskin [3] discuss the potential challenge of using
double CF with small sample sizes and suggest that single CF
may overcome some of the difficulty. Limited sample sizes are
common in realistic settings, and it remains for future research
to determine whether double CF may be preferable to single
CF in these situations. We have shown that further research
is required into the composition of SL libraries, particularly as
there is a need to balance the requirement for sufficient diver-
sity of learners with performance across an extensive range of
data-generating mechanisms, with or without sparsity. In our
simulations, we observed that SE estimation was more sensitive
to bias when using a large confounder set, reflecting a scenario
that may be too complex. Therefore, it would also be helpful
to explore any potential benefits of applying explicit screen-
ing within SL itself in a high-dimensional confounding setting,
which potentially could assist with trimming down the size of the
confounder set.

Further possibilities include extending this work beyond dichoto-
mous exposures (e.g., continuous exposures) as they are often of
interest. Possibilities for continuous exposures include exploring
ashifting exposure distribution [60-63] or estimation of standard
regression parameters via an influence curve approach [64]. The
latter approach focuses on a summary of the exposure effect with
reduced modeling assumptions, rather than ascertaining how the
outcome changes with step increases or changes in exposure. It
will also be important to explore challenges posed by multivari-
able missing data, which require consideration of the missing-
ness mechanism as well as the identifiability or “recoverability”
of the estimand [65-68]. In the high-dimensional confounding
setting, evaluation and development of the CML methods in the
presence of missing data is important. This is a growing area of
research [69].

To conclude, in a high-dimensional confounding setting, we
found that on most occasions AIPW and TMLE performed simi-
larly for estimating the ACE, with a slight preference toward the
use of TMLE, given its greater stability. In cases where complex
confounding mechanisms are suspected, a more diverse and flex-
ible SL library may be beneficial to reduce bias in point estimates
and variance. CF is important for the estimation of SE and should
be used, as without it we observed underestimation of model-SE
and undercoverage, particularly with a more diverse library. Our
study suggests that in the high-dimensional confounding setting,
the number of folds used with CF is less important than the use
of CF itself.
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