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a b s t r a c t

Purpose: The targeted maximum likelihood estimation (TMLE) statistical data analysis framework in
tegrates machine learning, statistical theory, and statistical inference to provide a least biased, efficient, and 
robust strategy for estimation and inference of a variety of statistical and causal parameters. We describe 
and evaluate the epidemiological applications that have benefited from recent methodological develop
ments.
Methods: We conducted a systematic literature review in PubMed for articles that applied any form of TMLE 
in observational studies. We summarized the epidemiological discipline, geographical location, expertize of 
the authors, and TMLE methods over time. We used the Roadmap of Targeted Learning and Causal Inference 
to extract key methodological aspects of the publications. We showcase the contributions to the literature 
of these TMLE results.
Results: Of the 89 publications included, 33% originated from the University of California at Berkeley, where 
the framework was first developed by Professor Mark van der Laan. By 2022, 59% of the publications ori
ginated from outside the United States and explored up to seven different epidemiological disciplines in 
2021–2022. Double-robustness, bias reduction, and model misspecification were the main motivations that 
drew researchers toward the TMLE framework. Through time, a wide variety of methodological, tutorial, 
and software-specific articles were cited, owing to the constant growth of methodological developments 
around TMLE.
Conclusions: There is a clear dissemination trend of the TMLE framework to various epidemiological dis
ciplines and to increasing numbers of geographical areas. The availability of R packages, publication of 
tutorial papers, and involvement of methodological experts in applied publications have contributed to an 
exponential increase in the number of studies that understood the benefits and adoption of TMLE.

© 2023 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY license 
(http://creativecommons.org/licenses/by/4.0/).

Background

Public health decisions across many clinical specialties are often 
informed by research exploring the relationship between exposures 
and patient health outcomes. These relationships are often suscep
tible to confounding bias, which requires sometimes complex sta
tistical methodology to minimize. Randomized controlled trials 

(RCT) are considered the gold standard because, through randomi
zation of subjects to a treatment, they reduce the possibility of bias. 
Observational data offer invaluable opportunities to study relation
ships in contexts where clinical trials might prove infeasible or un
ethical, as well as for studying groups of the population typically 
excluded from trials or beyond the initial target population. Under 
correct adjustment for selection bias, missingness, interference, and 
confounding, observational data complement the evidence coming 
from RCTs.

In both RCT and observational studies, the exposure–outcome 
relationship is of interest. Methodological statistical developments 
for causal inference attempt to produce the least biased estimate of 
the relationship along with accurate inference. G-computation, 
propensity score (PS), and inverse probability of treatment 
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weighting (IPTW) estimators rely on parametric modeling assump
tions, which are susceptible to model misspecification. Double-ro
bust methods, such as augmented inverse probability of treatment 
weighting (AIPTW) and targeted maximum likelihood estimation 
(TMLE), aim to minimize model misspecification by requiring esti
mation of both the outcome and exposure mechanisms. They pro
vide a consistent estimator as long as either the outcome or 
exposure model is correctly specified. Double-robust methods often 
outperform single-robust methods in point and interval estima
tion [1,2].

TMLE, also known as targeted minimum loss-based estimation, 
was introduced by van der Laan and Rubin in 2006 [3]. In general, 
TMLE is a two-step process that involves (1) initial estimation of the 
outcome and intervention models, and then (2) in a “targeting” step, 
uses information from them to optimize the bias-variance trade-off 
for the target estimand (e.g., average treatment effect [ATE]), rather 
than the whole outcome probability distribution. Furthermore, to 
avoid model misspecification, ensemble machine learning algo
rithms are used to estimate the initial models. In particular, the 
SuperLearner (SL) algorithm for stacked ensemble machine learning 
is most commonly used as it is theoretically grounded and proven to 
perform optimally in large samples [4].

We lightly detail the technical steps involved in the TMLE of the 
ATE, i.e., the effect of a binary exposure A on a postexposure outcome 
Y, adjusted by baseline covariates W [5]. The prediction function for 
the mean outcome Y, given exposure A and covariates W, is esti
mated, most commonly, using SL. We could use this estimated 
prediction function, E Y A Wˆ [ , ], to arrive at an estimate of the ATE. 
Specifically, we would obtain predicted outcomes under a counter
factual scenario where all subjects receive the exposure/treatment 
versus another scenario where no one receives it. The average dif
ference between these predicted counterfactual outcomes is an es
timate of the ATE. However, formal statistical inference (i.e., 
confidence intervals and P-values) cannot be obtained for this esti
mate and it is susceptible to residual confounding; the latter can be 
reduced by using the information on how each individual was as
signed or allocated to each level of the exposure. We, therefore, 
estimate the function for predicting the probability of being ex
posed, given the covariates W, using SL (exposure model, i.e., PS). 
These first steps are common to other double-robust estimators of 
the ATE, such as AIPTW. We then calculate the so-called “clever 
covariate” for the ATE, which is the individual values of the binary 
exposure weighted by the predicted probabilities of the exposure, 
given W. This is similar to IPTW, except here we weight the predicted 
probability of each exposure level instead of the outcome. The 
fluctuation parameter (ϵ) describes the difference between the ob
served outcome Y and the initial predictions of the outcome from 
the outcome model. It is calculated through maximum likelihood 
estimation by regressing the clever covariate on the observed out
come. When the fluctuation parameter is estimated to be close to 0, 
there is little difference between the observed and predicted out
comes; thus, the PS does not provide additional information for the 
initial estimate of the outcome model because it was correctly 
specified. If the fluctuation parameter is not close to 0, then this 
indicates the presence of residual confounding in the initial esti
mate. The initial outcome model’s predictions for each level of the 
binary exposure are updated using the fluctuation parameter ϵ as a 
weight, and the final ATE estimate is calculated from these updated 
estimates. The functional delta method based on the influence 
function can be used to derive the standard error of the ATE and 
construct Wald-type confidence intervals.

Since 2006, the TMLE framework has experienced a growing 
number of theoretical and applied developments, and it has ex
panded further after a book that shared the TMLE framework to the 
international community of applied researchers was published in 

2011 [2]. Targeting specifically applied researchers, efforts were 
made to provide lay-language descriptions of the framework and 
exemplify its applications [5–7]. Furthermore, in 2018, a second 
book was published disseminating more advanced applications of 
the TMLE framework to data scientists with a particular focus on 
longitudinal settings [8]. TMLE is a robust framework for statistical 
analysis in clinical, observational, and randomized studies. Since 
2016, the American Causal Inference Conference has hosted a data 
challenge in which teams compete to estimate a causal effect in si
mulated datasets based on real-world data, such as from healthcare 
or education [9]. The competition is a proving ground for cutting- 
edge causal inference methods that have the potential to transform 
program evaluation. TMLE has consistently been a top-performing 
method [10].

The use of robust statistical methods is key to obtaining reliable 
results for public health and epidemiological research and max
imizing their benefit to society. Evidence shows that TMLE, by 
blending flexible machine learning methods and causal inference 
framework, is one such step toward robust causal claims that bear 
significant and practical effects. We reviewed the literature around 
public health and epidemiological applications of TMLE to date, 
alongside key TMLE developments over the last 20 years. We high
light the speed at which the field has developed and spread through 
the scientific community, and identify areas for further development 
to increase the utility of the TMLE framework in epidemiological and 
applied research.

Methods

Protocol registration and reporting standards

This study is reported using the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses guideline. We registered this 
systematic review with PROSPERO (ID: CRD42022328482).

Information sources

We searched the PubMed medical literature database for pub
lished epidemiological studies using TMLE in any epidemiological 
field (i.e., observational settings in biomedical sciences, including 
clinical epidemiology and public health). We searched for publica
tions from any time up to December 31, 2022, the date the search 
was executed. The search strategy comprised two specific groups of 
search terms focusing on TMLE and epidemiology. Relevant Mesh 
headings were included along with free-text terms, which were 
searched for in the title, abstract, and keyword fields. We used 
general and specific TMLE search terms, such as “targeted maximum 
likelihood estimation,” “targeted minimum loss-based estimation,” 
and “targeted machine learning.” Epidemiological search terms in
cluded “epidemiology,” “public health,” “population,” or “treat
ment.” The two specific groups of terms were combined with “AND” 
to retrieve the final set of results. Search strategies were developed 
with an information specialist (MALF). The full search strategy is 
shown in Table 1.

Eligibility criteria

We excluded studies that did not report the use of TMLE as a tool 
to explore their estimand of interest. We also excluded experimental 
studies, such as RCTs (n = 18, Appendix Table A.1), [11–28] because 
they are designed to minimize confounding bias through randomi
zation, which makes them fundamentally different from observa
tional studies that heavily rely on the use of statistical methods to 
minimize confounding bias. By focusing on observational studies, we 
provide a more detailed and nuanced understanding of how TMLE 
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can be used to address confounding bias and to identify gaps in the 
existing literature on TMLE in observational studies, which can help 
to guide future research.

We did not consider manuscripts that compared the performance 
of TMLE to other estimators when there was no new development 
proposed, even if there was an applied question of interest [29–31]. 
Studies were restricted to the English language and primary research 
studies. Secondary research studies, such as reviews and comments 
of TMLE, conference abstracts and brief reports, and preprints, were 
not searched. We classified the retained manuscripts into observa
tional, methodological, and tutorial articles. TMLE methodological 
development articles and tutorials were considered separately, even 
if they contained a methodological development specifically de
signed to investigate an epidemiological question within the same 
article. We make reference to these methodological articles 
throughout this review, as they underpin the applied publications.

Study selection, data extraction, and management

All retrieved publications were imported into the Endnote re
ference software where they were checked for duplication. Two of 
the three lead researchers (authors MJS, MALF, and CM) were ran
domly allocated two-thirds of the 254 articles, to screen titles and 
abstracts of each publication independently and classify them into 
(1) observational, (2) methodological developments, (3) tutorial, (4) 
systematic review, (5) RCT, or (6) not relevant (Fig. 1). Discordant 
classifications were discussed and adjudicated by the third in
dependent reviewer, where necessary. Two researchers (authors MJS 
and CM) independently reviewed the full text of all eligible ob
servational publications for data extraction.

Results

We found 254 unique publications published prior to December 
31, 2022, in PubMed (Fig. 1). Of these, 102 articles were methodo
logical development (including theoretical- or software-based), 
eight were tutorials, five were systematic reviews, and 18 were RCTs. 
Of the 32 articles that were not relevant, three mentioned “TMLE” 
only in the author fields, one was a discussion of currently existing 
methods, some were assessments of learning (educational) programs 
that are targeted toward clinical environments, and others were 
comparisons of machine learning algorithms to other prediction 
models. Overall, we focused on 89 observational studies in this 

systematic review for which full texts were available; six publica
tions were not open-access and full texts were obtained from the 
corresponding authors. For the interested reader, information ex
tracted on RCTs is presented in Appendix Table A.1.

Dissemination and uptake of the TMLE framework

There has been a growing uptake of the TMLE framework over 
time, with five or fewer applied publications per year until 2017, and 
up to 21 in 2021. The majority (66, 74%) of publications using TMLE 
were published in the last 4 years (2019–2022). Most studies (85, 
95.5%) cited the authors of particular TMLE methods they apply, 
whereas four (4.5%) did not cite any TMLE references. The large 
majority of these first epidemiological studies benefitted from the 
expert knowledge of an author who is (or was) part of Professor 
Mark van der Laan’s lab (Table 2).

Of the 89 studies included, two-thirds were conducted in the 
United States (US) (58, 65.2%, Fig. 2) [32–89], with 100% of articles 
before 2017 being published in the US, down to 41% of all 2022 ar
ticles. Publications from Europe (13, 14.6%) [90–102], Africa (4, 4.5%) 
[103–106], the Middle East (5, 5.6%) [107–111], and Oceania or Asia 
(8, 9.0%) [112–119] represent between 25% (in 2017) and 69% (in 
2022) of all applied studies published in the last 6 years (Fig. 2, 
Table 2). In the US, the majority of publications (29) were from Ca
lifornia, including 20 from the University of California at Berkeley, 
where TMLE was first described.

In the early years, the first authors tended to be qualitative 
academic experts, but we saw more variety in expertize and a larger 
number of practising clinicians leading observational studies in 
many epidemiological and public health fields in recent publications. 
The most common epidemiological subdiscipline was non
communicable diseases (27, 30.3%)[36,47,51,52,54,56,58,67,72,75,80, 
82,83,85,87,90,95,96,98,100,102,106–110,115], followed by beha
vioral epidemiology (17, 19.1%) [34,41,48,60,63–65,68,69,73, 
74,78,79,92,112,117,118], and then infectious disease epidemiology 
(13, 14.6%)[37,44,66,70,71,94,99,101,104,105,111,116,120]. Through 
time we see an uptake of TMLE in many more disciplines, such as 
pharmaco-epidemiology [46,81,97,103], policy [43,45,50,61,76,84, 
86,119], biomarker epidemiology [32,33,39,40,42,62,113,114], en
vironmental epidemiology [35,49,55,59,77,88,89,91,93], occupa
tional epidemiology [38,53], and health economy [57].

We also studied the evolution of citations. When only metho
dological overviews of the TMLE framework were available, these 
were cited despite their heavy statistical requisite. Since 2016, tu
torials were published and started to be cited alongside references 
for statistical packages [1,5–7,121–124] (Table 2).

Of the epidemiological study designs, a cohort study [33,34,37– 
39,45–47,50,52,53,56,58–61,63,66,69,70,72,75,78–81,83,85,87–89,94, 
95,98–101,103,105,106,112–119] was the most commonly used design 
(48, 53.9%), which was followed by cross-sectional (34, 38.2%) (Ap
pendix Table A.2) [32,35,90,36,41–44,91,48,49,51,54,55,57,62,64, 
65,67,68,71,73,74,76,82,86,92,93,96,97,102,104,107,109]. Other types of 
commonly used epidemiological study designs included case–control 
[40,108,110,111,120] and ecological [77,84].

Many articles reported results from other statistical methods, in 
addition to reporting those obtained from TMLE. Over one-quarter of 
the studies used adjusted parametric regression (24, 27.0%) 
[35–37,43,46,51,53,56,58,62,64,70,75,92,93,96–98,105–107,111,115,120], 
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Fig. 1. Flow diagram of studies included in the systematic review. 

Table 1 
Boolean search queries 

Query Boolean terms Results

#1 (epidemiology OR (public AND health) OR population OR treat*) 11,459,953
#2 (“targeted maximum likelihood estimation”) OR (“targeted minimum loss based estimation”) OR (“targeted minimum loss-based estimation”) 

OR (“TMLE”) OR (“targeted machine learning”) OR (“targeted learning”) OR (“targeted machine-learning”)
315

#3 #1 AND #2 254

3
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one sixth (12, 13.5%) used IPTW [34,37,49,54,63,73,74,77, 
79,81,103,104], one (1.1%) used AIPTW [76], three (3.4%) used non
parametric methods (e.g., Kaplan Meier) [37,53,75], and seven (7.9%) 
used unadjusted regression [63,68,72,83,84]. Some studies included 
more than one comparative method.

The SL package provides a flexible machine learning approach to 
the estimation of the initial outcome and intervention models (such 
as the PS). Of the 89 articles, more than half (55, 61.8%) used the SL 
algorithm [43,45,47,49–52,54,58,60–63,65–67,69–72,74–77,79,81–89, 
91,92,94,96,97,99–102,104,105,109–120], 18 (20.2%) used logistic re
gression [32–38,41,46,48,53,55,56,64,73,103,108], and 16 (18.0%) did 
not specify the approach for the estimation of either the outcome or 
intervention model [39,40,42,44,57,59,68,78,80,90,93,95,98,106,107]. 
The average number of machine-learning algorithms considered by 
the SL was 6.3 (range 1–16), 19 different machine-learning algorithms 
were used across the articles (a machine-learning algorithm is a 
wrapper included within the SL [2] library in R software).

The variances (standard errors) of point estimates obtained from 
TMLE were estimated using differing approaches such as the influ
ence function (n = 21, 23.6%) [35–38,40,43,48,56,71,84,86,90,96, 
97,101,107–111,115], bootstrap (n = 6, 6.7%) [33,34,46,49,54,73], and 
Wald tests (n = 2, 2.2%) [41,45], while 60 (67.4%) studies did not 
specify how standard errors were obtained [32,39,42,44,47, 
51–53,55,57–70,72,74–83,85,87–89,91–95,98–100,102–106,112–114, 
116–120,125].

The Causal Inference Roadmap [126] contains seven re
commended criteria to define a causal effect: (i) specify the scientific 
question, (ii) specify the causal model, (iii) define the target causal 
quantity, (iv) link the observed data to the causal model, (v) assess 
identifiability assumptions, (vi) estimate the target statistical para
meters, and (vii) interpretation of the results. On average, 5.4 (SD 
0.9) criteria were complete per article. We considered a version of 
the Targeted Learning Roadmap [127] that contains five criteria: (i) 
specify the observed data and describe the data-generating experi
ment, (ii) specify a statistical model representing a set of realistic 
assumptions about the underlying true probability distribution of 
the data, (iii) define a target estimand of the data distribution that 

“best” approximates the answer to the scientific question of interest, 
(iv) given statistical model and target estimand, construct an optimal 
plug-in estimator of the target estimand of the observed data dis
tribution, while respecting the model, and (v) construct a confidence 
interval by estimating the sampling distribution of the estimator. 
When the scientific question of interest is causal, step (iii) of the 
Targeted Learning Roadmap incorporates steps (ii)–(v) of the Causal 
Inference Roadmap [127]. On average, 3.4 (SD 0.9) criteria were 
complete per article. Most studies have room to state the necessary 
content for at least one more criteria.

Most publications (85, 95.5%) used R software to perform TMLE 
[34–41,43–54,56–69,71,72,74–78,83–92,94–105,107–114,118–120]
except four that used STATA [82,93,106,115]. Nonetheless, 10 articles 
reported using another software tool (i.e., Stata/SAS/SPSS/Python) 
alongside R for TMLE [34,51,57,65,83,97,100,103,105,110]. The most 
commonly used R software packages were tmle [128] (41, 46.1%) and 
ltmle [129] (18, 20.2%).

Showcase of the TMLE framework

(i) Showcase by motivations
In all disciplines and applications, applying the TMLE framework 

to their specific research question encouraged authors to review the 
strengths and limitations of their data and carefully consider how 
their data and setting might violate identifiability assumptions, 
which are assumptions necessary for causal inference but not TMLE. 
If, and only if, the identifiability assumptions are assumed to hold, 
the estimated effect is a causal effect. However, for observational 
studies, it cannot be known whether identifiability assumptions 
hold. Therefore, if an estimate is interpreted as a causal effect, then 
this interpretation should be accompanied by a discussion of the 
plausibility of identifiability assumptions. All disciplines and disease 
areas highlight issues with missing data and measurement errors 
and incorporate subject-matter knowledge (Appendix Table A.2). We 
review in turn each characteristic, highlighted by authors, that 
motivated their use of TMLE.

M.J. Smith, R.V. Phillips, M.A. Luque-Fernandez et al. Annals of Epidemiology xxx (xxxx) xxx–xxx

Fig. 2. World map of publications using targeted maximum likelihood estimation by the geographical location of the first author (2006 to mid-2022). Colors represent the number 
of observational studies and the crosshatch pattern identifies where at least one methodological publication stem from.
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Three-quarters of the studies (n = 68, 76.4%) provided at least one 
justification for using TMLE compared to another method (Table 2). 
The targeting step of the TMLE, aimed to account for any residual 
confounding due to the model selection, leads to bias reduction, 
that is, an estimated parameter closest to the true value of our 
quantity of interest. This feature of TMLE was, by far, the most ap
pealing to applied researchers in their observational analyses, with 
41 articles (46.1%) mentioning bias reduction [25,34,35,39–44, 
46,50,54,56,58,64–68,73,74,77,80,90,91,95–97,103,104,106,107,110–112, 
114,117,119]. Double-robustness, meaning that only one of the initial 
outcome or exposure models needs to be correctly specified, was also 
a property that attracted authors, cited by 27 articles (30.3%) 
[32,33,35,38,44,51,52,54,56,60,62,63,67,69,70,73,74,80,85,86,88,89,100, 
106–108]. Model misspecification, which might result from imposing 
constraints that are unrealistic or not informed by subject-matter 
knowledge, is reduced in TMLE thanks to machine-learning algorithms 
used in modeling the outcome and the exposure. Reduced model 
misspecification was a highly specified driver for using the TMLE 
framework, cited by 17 articles (19.1%) [48,57,62,72,74,79,81, 
82,84,88,99–101,109,115,117]. Standard regression techniques in set
tings with low incidence [44,101], rare outcomes [103], or low sample 
size [73,92] may over-fit the data or not converge: careful SL specifi
cations overcome these limitations [44,57]. TMLE is also less sensitive 
than IPW to positivity violation, due to the use of machine learning 
[43,98,109]. Efficiency, meaning that fewer observations may be re
quired to achieve a given error performance, is a motivation cited in 14 
articles (15.7%) across all disciplines [37–39,41,63,64,77,91,96, 
97,104,108,110].

(ii)Showcase by disciplines
There was a range of disease areas covered in the 27 non

communicable disease epidemiology studies. The appealing 
property of TMLE was that it is a semiparametric estimator, allowing 
the use of machine learning algorithms to minimize model mis
specification [54,67,80,82,85,98,106,109,115]. Additionally, exten
sions of TMLE have developed ways to appropriately handle the dual 
nature of time-varying confounding, which have been utilized in 
longitudinal studies analyzing data on depression [52], survival from 
acute respiratory distress syndrome [75], caries arising from intake 
of soda [56], effects of smoking on rheumatoid arthritis [58], effects 
of asthma medication on asthma symptoms [95], and reduction of 
pain after knee replacement surgery [85]. Improved predictive per
formance [90] and adjusting for informative censoring [75] were 
additional reasons for using TMLE. Furthermore, the extension of 
TMLE to case–control studies, in which sampling is biased with re
spect to the disease status, provided a platform for analyzing the 
causal effect of reproductive factors on breast cancer by using 
case–control weighted TMLE [110]. Real-world data overcome lim
itations of RCTs, such as under-power and evaluation of long-term 
interventions [85]. Recent applications claimed their use of TMLE in 
real-world data provided results that were more generalizable than 
what RCTs would provide [100].

In infectious disease epidemiology articles, most were con
cerned with having a flexible modeling approach that does not im
pose assumptions on the functional form of the exposure–outcome 
relationship [66,71,94,104,116,120]. A key feature of the infectious 
disease epidemiology subdiscipline is that baseline confounders and 
exposures may change over time and can obscure the causal effect of 
interest [37]. Standard survival modeling assumes that censoring 
and survival processes are independent, which is likely violated in 
this setting, and it assumes there is no time-dependent confounding 
[37]. TMLEs with a working marginal structural model and for time- 
to-event outcomes permit evaluation of the effect of an exposure at 
multiple time points, which is beneficial when the interpretation of 
causal effects from hazard models is often difficult [130]. Other 

studies have overcome this issue by using TMLE in a target trial 
framework or case–cohort studies [70,111].

In behavioral epidemiology manuscripts, the behavioral nature 
of the topics covered implied that RCTs are mostly unethical, bear 
prohibitive costs or have very small sample sizes. There are several 
key challenges for using observational data to study the causal ef
fects of childhood adversities [41,48], physical activity [34,63,118], 
alcohol consumption [65] or supply [112] on various outcomes, in
cluding fractures [34], mental health [41,78,79], asthma [92], and 
pregnancy outcomes [63,64]. They include a risk for reverse causa
tion [75,78,79]; high dimensional data and in particular, multi
dimensional exposures [41,48]; and measurement error resulting 
from self-reported exposures or outcomes [64,79,117,118]. Long
itudinal relationships and time-varying confounding, where con
founders of the effect of an exposure on an outcome can themselves 
be affected by prior exposures, as well as sample attrition 
[60,112,117,118], are particular challenges faced by survey data that 
are collected in consecutive waves [60,74,79,112,117,118]. TMLE ad
justs for time-varying confounders affected by prior exposure and 
employs a doubly robust estimation approach that allows for flexible 
model fitting. Additionally, as pointed out in 2016 by Ahern et al. 
[41], “TMLE with machine learning addresses the challenge of a 
multidimensional exposure because it facilitates ‘learning’ from the 
data the strength of the relations between each adversity [dimen
sions of the exposure] and outcome, incorporating any interactions 
or nonlinearity, specific to each [subgroup].”

The field of biomarker epidemiology is driven by the search for 
sets of candidate biomarkers that are important in determining 
given outcomes. Ranking the contributions of these candidate bio
markers is also of interest. Some studies used TMLE to measure 
variable importance in biomarker research [32,40,114] and in other 
fields [90]. Dimension reduction for the estimation of causal effects 
is an aim in some biomarker examples [42,62,113]. In the models 
presented in the publications, there are complex joint effects to 
consider in large correlated data, as well as longitudinal patterns and 
time-dependent confounding [42,62,113]. Furthermore, two manu
scripts present covariate selection algorithms ahead of causal effect 
estimation [113,114].

Research published in environmental epidemiology highlights 
challenges around the selection of key variables of interest [86,93], 
clear definitions of exposure and outcomes [35], as there are likely 
many proxy and surrogate measures of exposure [91], coupled with 
potential exposure misclassification and measurement errors 
[35,55]. Nonetheless, TMLE was successfully applied to determine 
either causal attributable risk [35,91] or risk differences [49]. Med
iation effects were studied in Casey et al. [59] looking at adverse 
birth outcomes.

The only observational study of TMLE in health economics ex
plored the relationship between financial resources leading to food 
insecurity and healthcare expenditure in a pay-to-access healthcare 
system. It uses ecological measures of exposure and outcome and 
leads to evidence for policy [57].

Two publications focused on occupational epidemiology 
[38,53]. A key aspect of occupational epidemiology is accounting for 
the healthy worker survivor effect: a bias arising due to healthier 
workers accruing more exposure over time. These studies looked at 
exposure to particulate matter from aluminum or metalworking 
fluids in metal factory workers, which varied depending on the 
length of employment. Both studies benefited from TMLE’s flexibility 
to allow for time-varying confounding of the exposure.

The field of pharmacoepidemiology is concerned with assessing 
treatment’s efficacy in real-world settings and monitoring long-term 
side effects of treatments. Both objectives would be either im
practical or too costly to study in RCTs, given the limited follow-up 
time available in clinical trials. TMLE has been used in this setting, as 
it provides a robust procedure for estimation [46,81,97,103]. In 
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particular, the flexibility of TMLE, provided through the specification 
of a diverse and rich set of machine learning algorithms in the SL, is 
crucial for appropriately adjusting for confounding in observational 
studies [131].

Policy epidemiology assesses the effects of population programs 
or mandates. Lack of randomization, such as in studies examining 
the association between specialty probation and public safety out
comes [45,50], leads to an imbalance in the covariate distribution by 
exposure levels. Studies of cost-effectiveness may involve dealing 
with outliers which can be addressed with TMLE [50,76]. Other 
challenges include zero-inflation, such as the assessment of the ef
fect of primary care physician density on arthroplasty outcomes, in 
which some areas had zero density [76]. This is dealt with by using a 
mixture of models to assess the probability of non-exposure (i.e., 
very low density) [76]. Other policy studies presented challenges 
around missing data [76], reliance on epidemic modeling assump
tions [84], target trial emulation [119], dimensionality reduction and 
spatial associations [86], or infeasible randomization process [61].

Methodological developments and their implementation

Over the years since the TMLE framework was first laid out [3], 
many contributions have been made to expand the settings in which 
TMLE is used, provide tools for implementation in standard soft
ware, and describe the TMLE framework and application in lay 
language. Thanks to this, the community of public health researchers 
and epidemiologists have started implementing the TMLE frame
work and its latest developments to obtain double robust, least 
biased and efficient estimates and statistical inference from studies. 
The properties of TMLE, in contrast to other estimators commonly 
used for causal inference, include that it is loss-based, well-defined, 
unbiased, efficient and can be used as a substitution estimator.

Figure 3 shows schematically when and why extensions of TMLE 
have happened in the last 15 years, as well as extensions and uptake. 

The 89 applied epidemiological studies are classified by methodo
logical development used during the study. In Appendix Table A.3, 
the main methodological references are listed and grouped by 
methodological developments highlighted in Figure 3.

TMLE’s superior efficiency and power are evidenced in small 
sample size settings where marginal effects from logistic regression 
models adjusted for (possibly many) covariates would not be re
commended [132]. The implementation of TMLE in complex causal 
effect estimation problems is discussed in many publications, such 
as in settings with multiple time point interventions [133,134], 
longitudinal data [135,136], postintervention effect modifiers [137], 
dependence of the treatment assignment between units [138] or 
censoring [139], causally connected units [140,141], hierarchical data 
structures [142], randomization at the cluster level [143], large 
electronic health record data [144], and in meta-analyses [145,146].

The TMLE framework is extended and discussed in the setting of 
case–control studies. One study matched cases to controls [147], and 
another used two-stage sampling and nested case–control design 
[148]. Other studies required the design to be adaptive to possibly 
invalid assumptions of independent units [149] or if the sample 
population differs from the (possibly ill-defined) target popula
tion [150].

The collaborative TMLE (C-TMLE), introduced in 2010 [151], is an 
extension of TMLE, in which information on the causal parameter of 
interest is used when estimating and selecting the initial model(s). 
C-TMLE aims to improve the robustness and efficiency of the TMLE. 
Schnitzer et al. [139] highlight the pitfalls and the consequences of 
automated variable selection in causal inference, such as in the PS 
model, and how C-TMLE corrects for this. C-TMLE was later extended 
to measure variable importance [152] and to longitudinal data set
tings [153]. Proposals to enhance the C-TMLE algorithm include or
dering covariates to decrease C-TMLE time complexity [154], using 
LASSO with C-TMLE for the estimation of the PSs [155], and adaptive 
truncation of the PSs with C-TMLE to ensure positivity [156].

M.J. Smith, R.V. Phillips, M.A. Luque-Fernandez et al. Annals of Epidemiology xxx (xxxx) xxx–xxx
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The pooled TMLE [157] was developed for the context of long
itudinal data structures with baseline covariates, time-dependent 
intervention nodes, intermediate time-dependent covariates, and a 
possibly time-dependent outcome. Extensions include advice for the 
optimal discretization of time [158] and to the hazard function [159].

The one-step TMLE aims to preserve the performance of the 
original two-step TMLE and achieves bias reduction in one step (i.e., 
without additional iterations of the TMLE update step and possible 
overfitting in finite samples) [160]. This one-step TMLE was later 
extended to counterfactual average survival curves [161] and het
erogeneous treatment effects [162].

Causal mediation analyses in the nonlongitudinal and long
itudinal settings have been developing fast since the end of the 
1990s. TMLE was used to propose estimators of natural direct effect 
[163], or in settings with time-varying mediators and exposures 
[164], estimates of the complier stochastic direct effect [165], 
transported interventional effects with multiple, high-dimensional 
mediators [166] and stochastic (in)direct effects with intermediate 
confounders [167]. Robust TMLE was proposed in 2017 for trans
porting intervention effects from one population to another [168].

The cross-validated TMLE (CV-TMLE) provides asymptotic in
ference under minimal conditions (i.e., nonparametric smoothness 
[169]) keeping the bounds of the parameter estimates. It is also used 
in the estimation of data-adaptive target parameters, such as op
timal treatment regimes. Recently, TMLE was shown to be useful in 
defining thresholds and marking specified levels of risks [170].

The set of observational articles that use TMLE in their main or 
sensitivity analyses shows that TMLE has successfully been used to 
examine associations [32,34,40–42,44,46,48,49,51,52,54,55,57,59, 
60,62–64,66,68,71–74,76–83,90,97–99,103,104,107,109,113,116–118], 
causation [33,35–39,43,45,53,56,58,65,69,70,75,84,91–93,95,96,105,106, 
108,110–112,114,115,119,125], and variable importance [32,40,90,114]. It 
has been used to analyze data with varying numbers of observations, 
from less than 100 to over hundreds of thousands, from clinical trials, 
cohort studies [33,34,37–39,45,46,52,53,56,58–60,63,66,69,70,72,75, 
78–81,83,95,98,99,103,105,106,112–119], and observational studies.

Discussion

We aimed to investigate the use of the TMLE framework in epi
demiology and public health research and to describe the uptake of 
its methodological developments since its inception in 2006. We 
focused on TMLEs for point treatment, time-to-event/survival, and 
longitudinal exposure-outcome relationships. We found that the 
TMLE framework and its different estimators were implemented in 
at least 89 epidemiological observational studies. The majority of 
these studies have come from the US, many of which are from the 
University of California, Berkeley. Recently, the use of TMLE has 
spread across the world. Until 2016, TMLE in observational studies 
was used by select groups of researchers, such as biostatisticians or 
epidemiologists in academia exploring noncommunicable and in
fectious diseases, or behavioral epidemiology. From 2016 onward, 
there was a faster uptake among a wider range of researchers. There 
is potential for even wider dissemination and acceptance, both 
geographically and in some specific disease areas or epidemiological 
disciplines. From the end of 2022 up to the time of writing, and using 
the same Boolean search terms for 2023, we found a further 18 
observational studies [27,171–187], and 5 methodological studies 
[188–192] that use some form of TMLE. We hope this review of 
explicit and applied examples will contribute to enhancing the re
levance of the TMLE framework and increasing its uptake and ac
ceptance in settings where challenges with regard to data, 
unrealistic assumptions, or subject-matter knowledge lend them
selves to the framework.

Initially, causal inference methods and estimators relied on 
parametric modeling assumptions but, to quote Box (1976), “all 

models are wrong but some are useful” [193]. It highlights that 
model misspecification was and remains a challenge, even with 
ever-growing datasets and computing power. Semiparametric and 
nonparametric estimators, such as AIPTW, double-debiased [194], 
and TMLE [3] aim to provide the least biased estimate of the effect of 
an exposure on an outcome [1,195]. Maximum likelihood estima
tion-based methods (stratification, PS, and parametric regression 
adjustment) and other estimating equations (AIPTW) do not have all 
of the properties of TMLE, and evidence shows that they under- 
perform in comparison to TMLE in specific settings [3,148,5,1]. 
Augmented inverse probability weighting (AIPW) is the closest 
equivalent methodology to TMLE (e.g., both utilize the efficient in
fluence function, are double robust for the ATE, and are asymptoti
cally unbiased). However, AIPW has different statistical properties. 
Notably, AIPW/IPW aim to solve an estimating equation, unlike TMLE 
which uses the log-likelihood as a criterion. As discussed in van der 
Laan and Rose (2011), estimators based on estimating equations 
might be nonunique due to the existence of multiple solutions, do 
not respect known statistical model constraints (i.e., are not sub
stitution estimators), and are sensitive to how the nuisance para
meter is estimated [2]. These issues are not present in TMLE and 
instead TMLE solves the efficient influence curve estimating equa
tion but is not defined by it and is a substitution estimator and thus 
respects the global constraints of the statistical model [2]. TMLE 
augments the initial estimates to obtain an optimal bias-variance 
trade-off for the target estimand of interest and produces a well- 
defined, unbiased, efficient substitution estimator. Furthermore, the 
targeting step (i.e., update of the initial estimate) may remove finite 
sample bias. Lastly, the TMLE framework can be tailored to specific 
research questions that are difficult to answer using other causal 
inference methods, such as rare diseases [196,197], ordinal [198] or 
continuous exposures [199], dynamic treatment regimes [157], and 
missing outcome data [200]. These are the reasons why we focused 
on analyses of observational data that used TMLE and did not con
sider other estimators.

We argue that dissemination of any new statistical methodology 
relies on five key factors: (i) software availability, (ii) accessibility of 
available material (e.g., quality of software help files, language used 
in publications, etc.), (iii) number of experts in the area, (iv) 
teaching, and (v) collaborations. In the following, we discuss the 
dissemination of TMLE with regard to each of them.

(i) Software availability

Various TMLEs have been developed for complex study designs, 
such as those with time-to-event outcomes, case-control studies, 
hierarchical data structures (including cluster randomized trials), 
longitudinal data, and time-dependent confounding. These metho
dological developments were accompanied by the release of R soft
ware packages, increasing the usability of TMLE. Such software 
developments include the SuperLearner [4] R package in 2007 and the 
tmle R package in 2012 [3,201]. TMLE software for survival analysis 
(survtmle) [202,203], longitudinal data (ltmle) [129,204], double-ro
bust confidence intervals (drtmle) [205,206], and estimation of the 
survival curve under static, dynamic, and stochastic interventions 
(stremr) [207,208] were implemented in 2017. To match the ex
panding framework, further software developments occurred in the 
following years, such as the tlverse suite of software packages for 
Targeted Learning (https://tlverse.org/tlverse-handbook/), which in
cludes R packages for cross-validation (origami) [209,210], highly 
adaptive lasso (HAL, hal9001) [211–213], super learning (sl3) [4,214], 
and TMLEs for a range of target estimands, such as effects under static 
interventions on an exposure (tmle3) [215], optimal dynamic treat
ment regimes for binary and categorical exposures (tmle3mopttx) 
[169,216], and stochastic treatment regimes that shift the treatment 
mechanism of a continuous exposure (tmle3shift) [217,218]. Additional 
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recently developed packages in R include ctmle for collaborative TMLE 
[151,219], haldensify for conditional density estimation with HAL 
[220,221], txshift for estimating causal effects of stochastic interven
tions [222–224], and lmtp for longitudinal modified treatment po
licies [199,225].

Although the TMLE framework is well developed in the R soft
ware, applied epidemiological research is performed in several other 
software languages, such as Stata, Python, and SAS. TMLE im
plementations for binary point exposure and outcome studies are 
available in all of these languages. A SAS macro for the general im
plementation of TMLE was programmed in 2016 [121]. TMLE has 
been developed for the Python software language in the library zEpid 
[226]. The number of applied researchers in epidemiological studies 
using Python is relatively low but is increasing; thus, this tool is not 
currently widely used among applied health sciences researchers. 
Further development could improve on software packages in the 
widely used statistical software in health sciences and econometrics, 
such as Stata [227]. Nonetheless, the development version of the 
user-written Stata command eltmle is currently available to Stata 
users [227]. Not all features of TMLE are available in this Stata 
command, such as longitudinal analysis and cross-validated TMLE. 
Additionally, eltmle provides ensemble learning capabilities by ac
cessing the SuperLearner R package. Lastly, any new software de
velopment needs to have a friendly user interface, together with 
standard programming features to be easily disseminated and 
quickly adopted.

(ii) Accessibility of available material

The TMLE framework is a series of potentially statistically-com
plex modeling approaches and computational algorithms, grounded 
in statistical theory that requires a solid understanding of highly 
advanced statistics (i.e., theory for semiparametric estimation, 
asymptotics, efficiency, empirical processes, functional analyses, and 
statistical inference). Tutorials in a more lay language targeting ap
plied researchers and epidemiologists have become more common 
over the past 5 years and the uptake of TMLE is expected to increase 
in the future because of them [1,5–7,121–124,131,148]. Their bene
ficial impact is evident from this review, as these articles are highly 
referenced in applied work, from the year of their publication, 
alongside more methodologically heavy contributions to start with, 
and as sole references in later years. This shows evidence of the 
importance of speaking the language of the target audience and 
disseminating advanced mathematical statistics and algorithms 
from an applied perspective.

Additionally, the gradual dissemination of the TMLE framework 
was evident from our systematic review of the methods sections of 
the 89 selected manuscripts. We observed that papers published in 
the early years lay out their TMLE strategy and carefully describe 
each step in the methods section; whereas, more recently, publica
tions of applied research have placed details of the methods in ap
pendices (or supplementary material) and only cite tutorials and 
software packages. This shows that the community (e.g., authors, 
editors, reviewers, readers, etc.) is now aware of the TMLE frame
work, its utility, and its advantages. A wide range of journals have 
published the applied research articles studied here, from non
specific public health journals to statistical or disease-specific 
journals.

(iii) Experts

Dissemination outside the US needs further work, as evidenced 
in our systematic review. We have shown that the TMLE framework 
appears to be well consolidated in the US, and adoption from Europe 
and other regions are lower in comparison. This may be related to 
the delayed introduction of causal inference education outside the 

US. Fostering targeted local seminars and dedicated short courses for 
the interested applied audience could be a useful strategy to dis
seminate the framework. Disease- or discipline-specific experts 
would be useful for the wider distribution of the methods in specific 
areas that would benefit from improved methodology.

TMLE remains dominant in noncommunicable or infectious dis
ease epidemiology compared to other disciplines, but it has high 
applicability in many disciplines and its use has increased in several 
of them. The slower uptake of the TMLE framework in other dis
ciplines might be due to a lack of empirical examples of how one 
performed and interpreted statistical analyses using TMLE in a 
specific disease area. We aimed to provide such a showcase of the 
application of the methods in specific settings, based on the avail
able literature, and we demonstrated how the framework was suc
cessfully used to advance research by providing robust results. We 
believe interested readers will find it useful to refer to the studies 
that faced similar challenges, or were based in settings comparable 
to theirs.

(iv) Teaching

There have been tremendous efforts of dissemination of causal 
inference methods across disciplines, with a particular emphasis on 
epidemiology and econometrics sciences in the US during the last 20 
years. Most graduate programs in epidemiology have included the 
teaching of causal inference as a leading topic in the field. In Europe, 
the trends have not been as fast-paced and for a long time, in
troductions to causal inference methods have mainly been provided 
through week-long intensive short courses and at international 
conferences. These different approaches have major impacts on how 
quickly the methods are adopted by the community of researchers, 
journal editors, public health groups, and regulatory agencies. In 
recent years, there has been a development and acceptance of real- 
world evidence in various public-health fields, such as the Food and 
Drug Administration’s 21st Century Cures Act of 2016 in the US, 
which specifically promotes the use of causal inference methodology 
and designs, such as the emulated trial and TMLE frameworks 
[228–230].

(v) Collaborations

The Center for Targeted Machine Learning and Causal Inference 
(CTML) is an interdisciplinary research center at the University of 
California at Berkeley that is focused on applications of causal in
ference and targeted learning. The CTML mission is to advance, im
plement, and disseminate methodology to address problems arising 
in public health and clinical medicine (https://ctml.berkeley.edu/ 
home). CTML provides a great resource for courses, ongoing re
search, partners, collaborators, and Berkeley faculty members in
volved in TMLE. CTML sponsors include the Danish multinational 
pharmaceutical company, Novo Nordisk A/S, the Patient-Centered 
Outcomes Research Institute (pcori), Kaiser Permanente, the US 
National Institutes of Health, and the Bill and Melinda Gates 
Foundation. Academic partners include the University of Washington, 
University of Copenhagen, UCLA David Geffen School of Medicine, 
University of California at San Francisco, and Monash University.

Conclusions

Evidence shows that cross-validated, double-robust, efficient, 
and unbiased estimators are at the forefront of causal inference and 
statistics, as they aim to avoid model misspecification, bias, and 
invalid inference. The TMLE framework for causal and statistical 
inference was first developed in 2006 and its expansion in applied 
studies arose in 2018 via applied epidemiological work, tutorials, 
and user-friendly software. The theoretical properties and practical 
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benefits of the TMLE framework have been highlighted across dif
ferent fields of applied research (such as various epidemiological, 
public health, and clinical disciplines). More can be done to reach a 
wider audience across varied disease areas and scientific fields (e.g., 
genomics, econometrics, political, and sociological sciences), in
cluding the development of software packages outside the R soft
ware, tutorial articles as well as seminars and courses targeted to 
audiences in specific disciplines, lay-language demonstration, such 
as by example, of the benefits of TMLE in improving epidemiological 
output, to name only a few ideas. Many recent TMLE developments 
answer a variety of methodological problems that expand across 
scientific disciplines and further efforts can be made to disseminate 
the framework. This would facilitate the conscientious application of 
TMLE for causal inference and statistical data analyses, so more re
searchers could use it in their applied work to minimize the risk of 
reporting misleading results that are biased due to misspecification.
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Table A.3 
Articles by developments 

Year of 
publication

Development Publication’s first 
author

Related developments

2006 Seminal paper (TMLE) van der Laan MJ
2009 Small sample size Moore KL Gruber, 2010 (sparse data)

Case–control studies Rose S Rose S, 2011 (2-stage sampling, nested case–control), Balzer L, 2015 
(adaptive case control design), Balzer L, 2016 (target population 
different from sample population)

2010 Collaborative TMLE (c-TMLE) time to event data van der Laan MJ Pirracchio R, 2018 (variable importance), Ju C, 2019 (c-TMLE with 
ordering of the covariates to decrease time-complexity of the whole 
algorithm.), Ju C, 2019 (LASSO for estimation of PS), Ju C, 2019 
(positivity-c-TMLE, truncation of PS), Schnitzer ME, 2020 
(longitudinal extension of c-TMLE)

Longitudinal data (LTMLE) van der Laan MJ van der Laan, 2012 (TMLE), Schomaker M, 2019 ( ∼ tutorial, ltmle in 
complex and realistic settings)

2012 Sequential randomized trials Chaffee PH
Mediation Zheng W Lendle SD, 2013 (Natural direct effect among untreated), Zheng W, 

2017 (time-varying exposure mediated by a time-varying 
intermediate variable), Zheng W, 2018 (Chapter in Targeted Learning 
in Data Science), Rudolph KE, 2018 (TMLE for stochastic direct and 
indirect effect), Rudolph KE, 2020 (Estimators of the complier 
stochastic direct effect), Diaz I, 2021 (develop asymptotically 
optimal non-parametric estimators), Benkeser D, 2021 (case-cohort 
sampling designs), Rudolph KE, 2022 (nonparametric estimators of 
transported interventional (in)direct effects), Hejazi N, 2022 (causal 
mediation for stochastic interventional (in)direct effects)

Nonindependence van der Laan MJ van der Laan MJ, 2014 (non iid), Schnitzer M, 2016 (dependent 
censoring), Sofrygin O, 2017 (TMLE for connected units), Balzer L, 
2019 (hierarchical/cluster data structure), Balzer L, 2021 (2- 
stage TMLE)

2013 Meta-analysis/safety outcomes Gruber S Liu Y, 2022
2014 Pooled TMLE Petersen M Ferreira Guerra S, 2020 (selecting a timeline discretization for use 

with pooled longitudinal targeted maximum likelihood estimation), 
Zheng W, 2016 (pooled TMLE for hazard functions)

Interval-censored TMLE Sapp S
Genetics Wang H Benkeser D, 2019 (vaccine sieve analysis: vaccine and genetic traits), 

Yang G, 2022 (vaccine sieve)
2015 PS Lendle SD

Cross-validated TMLE, cv-TMLE van der Laan MJ
2016 One-step TMLE van der Laan MJ Cai W, 2020 (1-step TMLE for counterfactual average survival curve), 

Zhu J, 2020 (1-step TMLE for heterogeneous treatment effects)
TMLE for rare outcomes Balzer L Benkeser D, 2018
TMLE for ordinal outcomes Dıaz I

2017 TMLE with missing outcome data Dıaz I
Robust TMLE Rudolph KE
Targeted sequential inference of an optimal 
treatment rule

Chambaz A

2018 Projected TMLE Zheng W
2019 TMLE for cluster-level exposure Balzer LB

Long-format TMLE Sofrygin O
2020 Highly-Adaptive least absolute shrinkage and 

selection operator (LASSO) Targeted Minimum Loss 
Estimator (HAL-TMLE)

Cai W

2022 Threshold response function van der Laan MJ
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