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Abstract

The sheer amount of big data and its availability have made it possible to make more accurate
causal inferences in so many fields such as healthcare, retail, and finance. Many of these cause-
and-effect relationship studies include parametric statistical models, which are a category of
statistical models that assume a specific form for the function that describes the relationship
between variables to help idealise the associations in the data. Often, these types of models fail
to capture the complex dependencies that exist in such huge datasets and are hence misspecified.
The consequences are biased estimates and as a result, wrong scientific conclusions. This work
seeks to explicate the risk of bias from model misspecification and, in practice, demonstrate the
robustness of semiparametric estimation techniques as a safeguard. For this, we compare the
estimation methods on bias, variance, and coverage properties in simulation studies with datasets
varied from a pre-specified ground truth. Initial simulations with Difference-in-Means (DM),
Ordinary Least Squares (OLS), and Inverse Propensity/Probability Weighting (IPW) estimators
have highlighted the considerable presence of bias in cases of model misspecification. These
estimators are later compared to One-Step Estimation (OSE) and Targeted Maximum Likelihood
Estimation (TMLE), which are semiparametric estimators that protect against the aforementioned
flaw. An analysis of real data from the WASH Benefits Bangladesh study is then done to compare
all the estimators. Our results show that OSE and TMLE are better at handling complex data
structures and minimizing model misspecification bias, consistently producing more accurate and
precise estimates with better coverage of the ground truth.
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1. Introduction and Motivation

1.1 Background and Context

Big data has transformed statistical analysis by opening up new avenues to explore and investigate
causal relationships in many scientific fields. With the prevalence of datasets in areas like biology,
energy, and economics, there are challenges that traditional statistical methods may struggle to
address effectively. Central to these challenges is the risk of model misspecification, a frequent
occurrence when standard models encounter complex data structures they are not rich enough
to capture. These inconsistencies can compromise estimations, leading to conclusions that may
undermine the trustworthiness and significance of research results.

1.2 Problem Statement and Objectives

1.2.1 Problem Statement. This research addresses the issue of bias from incorrect statistical
model assumptions, known as model misspecification bias. Traditional parametric models often
fail to capture complex data structures, risking misspecification. For instance, our analysis of
the WASH dataset in Section 4.3, explores the impact of different interventions (treatment X)
on child development (weight-to-height ratio Y'), while adjusting for 24 covariates (WW). A
typical Ordinary Least Squares (OLS) analysis might fit a linear model to estimate the effect
size. However, as shown in Section 4.3, these OLS estimates differ from those obtained using
One-Step Estimation (OSE) and Targeted Maximum Likelihood Estimation (TMLE), which offer
more precise inferences (e.g., Water vs. Nutrition + WSH in Figure 4.10). Therefore, it is crucial
to investigate and validate modern statistical methods that can mitigate such biases, ensuring
more reliable and accurate inferences.

1.2.2 Objectives. The primary objectives of this research are:

1. To demonstrate the existence and explain the effects of the bias in model misspecification
using simulations.

2. To study the effectiveness of semiparametric estimation techniques in reducing bias due to
model misspecification.

3. To apply semiparametric estimation techniques, such as One-Step Estimation and Targeted
Maximum Likelihood Estimation, to a sample data set.

4. To estimate average causal effects using these semiparametric techniques, verifying their
advantages over traditional parametric estimations.
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1.3 Research Questions and Structure
1.3.1 Research Questions. The research aims to address the following questions:

1. What are the advantages of semiparametric estimation over traditional parametric tech-
niques in addressing model misspecification bias and improving coverage of estimates?

2. How effective are One-Step Estimation and Targeted Maximum Likelihood Estimation in
providing valid statistical conclusions?

3. Can semiparametric estimation techniques improve the accuracy and coverage of causal
effect estimation in complex data structures?

1.3.2 Thesis Structure. Following the introduction, the thesis is structured to first review the
literature on statistical models and the challenges of traditional methods, highlighting the risks and
implications of model misspecification. It then introduces semiparametric estimation techniques
like One-Step Estimation (OSE) and Targeted Maximum Likelihood Estimation (TMLE) as robust
alternatives. The methodology section details the tools and software used, describes traditional
and semiparametric estimators, and outlines the simulation design and real data analysis from the
WASH Benefits Bangladesh study. The result and discussion sections present the performance
metrics for the traditional and semiparametric estimators by demonstrating the better accuracy
and precision of OSE and TMLE. The conclusion summarizes the findings, discusses the limitations
found in traditional methods, and suggests possible directions for future research. The references
and appendices provide supporting material, including the R code used for the analyses.



2. Literature Review

The overview of statistical models, a comprehension of model misspecification bias, and the
progression of techniques tailored to handle data complexities are examined in this chapter,
with a specific emphasis on semiparametric estimation methods. Known for their adaptability
and reliability, these techniques help bridge the gap between models and flexible nonparametric
strategies, enabling more accurate model specifications without overly constrained assumptions.

The first section begins by offering insights into model variations, as well as advanced regression
models by looking into their applications and associated challenges. Noteworthy contributions
from statisticians like David Cox [8] and Robert Tibshirani [33] are discussed to shed light on the
progression and constraints of these models concerning their adaptability, in data environments.

The second section, addresses the critical issue of model misspecification; it is further elaborated
on how even sophisticated models fail when the assumptions of the model are discordant with
the structure of the data, drawing insight from several sources, including Halbert White [37] and
David A. Freedman [12] who have widely discussed its implications in statistical inference.

The final section focuses on semiparametric estimation techniques that offer solutions that are
dependably viable for the issues diagnosed throughout the previous sections. Techniques such
as One-Step Estimation and Targeted Maximum Likelihood Estimation provide mathematical
guarantees of valid inference under minimal assumptions that are robust against model misspec-
ification. This section is based on the pioneering work by James Robins [17] and Mark van der
Laan [35], who have driven much of the development in this area.

2.1 Statistical Models and the Challenges of Traditional
Methods

2.1.1 Overview of Statistical Models. In many scientific fields, statistical models are essential
tools that let researchers infer properties and patterns from data. The relationship between one
or more predictor variables X and a response variable Y is usually captured by a statistical model.
For example, in a simple linear regression model, the relationship is expressed as:

Y:’}/O—F’}/lX—i—E, (211)

where 7y and 7, are coefficients that represent the intercept and slope of the line, respectively
and € is the error term, which is assumed to be normally distributed [23]. These kinds of models
are fundamental to many disciplines, making it easier to anticipate and understand a wide range
of cases.

The popularity of models such Logistic Regression, Linear Regression, and its different parametric
variants can be attributed to their mathematical simplicity and interpretative power. These
models often assume the relationships between variables are linear and the distributions of data
fit specific parametric criteria. For this reason, more complex models, like Random Forest and
Gradient Boosting, are gaining recognition due to their strength in handling complex datasets.
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Random Forest

Random Forest is a machine learning technique that constructs several decision trees and com-
bines them to get a more precise and stable prediction. This technique is quite useful for both
classification and regression. An added advantage of this technique is its robustness, as it can
handle large higher-dimensional datasets effectively. It also performs well on many problems right
out of the box, handling both numerical and categorical data, and is less likely to overfit as
compared to a single decision tree. This makes Random Forest a popular choice for many data
science applications, offering both simplicity in use and complexity in data handling [7].

Gradient Boosting

Gradient Boosting is an alternate ensemble technique that creates models consecutively in an at-
tempt to correct its predecessor. In contrast to Random Forest, which builds trees independently,
Gradient Boosting constructs each tree to correct errors made by the previous trees. It uses a
technique called boosting, which combines weak learners into a strong learner.The model also
accounts for uncertainty quantification by considering the variance in predictions, thus indicating
the reliability of the model’s predictions [13].

For this research, Random Forest or Gradient Boosting can serve as a more effective initial
estimator for OSE and TMLE, especially when linear regression for continuous outcome or logistic
regression for binary outcome, fails to deliver satisfactory accuracy and coverage.

2.1.2 Advanced Regression Techniques. While tree-based models such as Random Forest and
Gradient Boosting excel in managing complex, high-dimensional datasets by capturing intricate
patterns and interactions [4], they can sometimes lack interpretability and face challenges with
overfitting. To complement these techniques, advanced regression methods like Lasso (Least Ab-
solute Shrinkage and Selection Operator) and Ridge Regression have been developed [16]. These
methods address some of the limitations inherent in more traditional approaches. Particularly
in environments with high-dimensional data, Lasso and Ridge provide powerful alternatives by
incorporating regularization penalties. These penalties not only help in reducing overfitting but
also aid in feature selection, enhancing the interpretability and stability of the predictive models.

Lasso Regression

Lasso Regression adds a penalty equivalent to the absolute value of the magnitude of coefficients
to the loss function. This penalty causes less significant coefficients to be exactly zero, thus
performing variable selection and regularization simultaneously. The Lasso method is particularly
useful when there are multiple correlated predictors [33]. The Lasso Regression model is fitted
by selecting the parameters ¢§; that optimes the following criterion:

n v 2 v
argmgin Z Y — o — Zazijéj +)\Z|5j] : (2.1.2)
i=1 j=1 j=1
Ridge Regression

Ridge Regression, also known as Tikhonov regularization, addresses multicollinearity issues by
adding a penalty equal to the square of the magnitude of coefficients to the loss function. Un-
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like Lasso, Ridge Regression does not perform variable selection but shrinks the coefficients of
correlated predictors towards each other, allowing them to remain in the model [19]. The Ridge
Regression model is represented as:

n v 2 v
arg m(sin Z (yZ —a— Z xij6j> + A Z 5. (2.1.3)
j=1 j=1

i=1

In both Lasso and Ridge Regression models, y; represents the actual response value for the i-th
observation, whereas z;; is the value of the j-th predictor for the i-th observation. The predictors’
coefficients are represented by §;. « is the constant term and A is the regularization parameter,
which sets the intensity of the penalty applied to the coefficients.

2.1.3 Applications of Lasso and Ridge Regression in Practice. Both Lasso and Ridge
Regression are extensively used in various fields to enhance model accuracy and interpretability.

Case Study: Genomics

In genomics, Lasso Regression has been used to identify key genetic markers associated with
diseases. By selecting relevant predictors from a large set of potential markers, Lasso helps in
understanding the genetic basis of diseases and developing targeted treatments [39].

Research Example: Financial Modeling

Ridge Regression is commonly applied in financial modeling to predict asset prices and manage
risks. By addressing multicollinearity, Ridge Regression improves the stability and reliability of
financial models, enabling better decision-making under uncertainty [40].

2.1.4 Challenges of Traditional Methods. Despite their widespread use, traditional statis-
tical models face several challenges when applied to complex and modern datasets:

1. Linearity and Simplicity: Traditional models often assume linear relationships between pre-
dictors and the response variable. Interactions in the real world are frequently non-linear,
so adjustments like polynomial or interaction terms are required:

Y = fo+ BX + 5o X? + 83X Xp + €. (2.1.4)

Although adding these terms makes the model and its interpretation more difficult, they
help in addressing non-linear dependencies [10].

2. Parametric Assumptions: These models are dependent on certain assumptions regarding
the distribution of error terms; typically, normality is assumed ¢ ~ N(0,0?%). Estimates
that are skewed and inefficient can result from breaking this premise [6].

3. High-dimensional Data: Traditional models may overfit the data or be degenerate(i.e., not
have a unique solution) in situations where there are many variables v compared to the
number of observations n.
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i=1

This makes choosing variables more difficult and increases the variance of estimated coef-
ficients, which reduces the predictive accuracy of the model [20].

4. Scalability and Computation: As dataset sizes get bigger, the computational demands of
conventional analytical solutions or numerical optimization methods often become expensive
and time-consuming. Techniques like stochastic gradient descent increasingly become more
popular to estimate parameters in large-scale data settings [5].

These issues raised indicate how conventional models are inadequate in describing the complexity
of modern datasets, which frequently results in model misspecification [16].

The next sections will extensively discuss the implications of model misspecification and present
advanced methodologies that offer robustness against such issues, including semiparametric mod-
els.

2.2 Model Misspecification: Risks and Implications

2.2.1 Definition and Overview of Model Misspecification. Model misspecification occurs
when a statistical model fails to capture the underlying structure of the data or when the as-
sumptions upon which the model is based do not hold. This may occur for a number of reasons,
such as incorrect model form, omission of relevant variables, or erroneous assumptions about
the distribution of the error terms. The concept of misspecification is of great consequence in
statistical modeling because it can significantly affect the validity of inference made from the
model [37].

Y =9 +1X1 +7X2 +e, (2.2.1)

where ¢ may not necessarily follow A(0, o?).

Here, the provided Eq.2.2.1 is used to illustrate how data might be generated under certain
assumptions. In this context, an Ordinary Least Squares (OLS) estimator used to estimate the
coefficients 7, v1, 72 may become biased and inconsistent if the assumption that the error term
€ follows a normal distribution is violated. This situation is often encountered in real-life data,
where such assumptions do not hold, leading to distorted conclusions [30].

2.2.2 Risks Associated with Model Misspecification.

1. Biasin Parameter Estimates: One of the most direct consequences of model misspecification
is the bias in the estimates of model parameters. This bias leads to inaccurate conclusions
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about the relationship between variables [12]. For instance, if a necessary interaction term
is omitted, the effects of the included variables may be misrepresented.

2. Inefficiency and Increased Error Variance: Misspecified models often lead to inefficiency
in the estimates and an increase in the variance of the error terms, which reduces the
statistical power of the tests conducted using the model [8]. Additionally, misspecification
can also lead to overly optimistic (i.e., anticonservative) inference, providing confidence
intervals that are too narrow and thus increasing the likelihood of false positives.

3. Invalid Inference: Statistical inference drawn from misspecified models can be invalid. This
includes confidence intervals that do not cover the true values and hypothesis tests that do
not maintain their nominal significance levels, leading to an increased likelihood of Type
| or Type Il errors [1]. Therefore, the inefficiency and increased error variance associated
with model misspecification exacerbate these problems, making the statistical inference not
only unreliable but potentially misleading.

2.2.3 Implications of Model Misspecification. The implications of model misspecification
are profound across various fields of study:

e Economics: In econometrics, model misspecification can lead to incorrect policy implica-
tions, especially when models are used to predict economic variables or to assess the impact
of policy changes [38].

e Healthcare: In epidemiology, misspecification can result in incorrect conclusions about the
relationship between risk factors and health outcomes, potentially leading to ineffective or
harmful health interventions [14].

e Environment and Climate Science: Misspecification in models assessing environmental im-
pact can result in inadequate or incorrect strategies for addressing environmental challenges,
such as climate change mitigation efforts [15].

2.3 Semiparametric Estimation Techniques

Semiparametric estimations are procedures that have parametric and nonparametric compo-
nents. These estimators are designed to be flexible enough to model complex relationships without
making strong parametric assumptions about the entire data distribution, thereby improving the
reliability and validity of statistical analyses in situations where traditional parametric models may
fall short due to their rigid assumptions. By integrating both parametric and non-parametric ele-
ments, these techniques offer a balanced approach, allowing researchers to avoid full specification
of the model structure, thus mitigating risks associated with model misspecification. Common
semiparametric techniques include One-Step Estimation (OSE) and Targeted Maximum Likeli-
hood Estimation (TMLE), which are designed to refine initial estimates and improve inferential
accuracy.
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The semiparametric regression model, a typical application of these techniques, can be represented
as:

Y =Xp+9(2)+e¢, (2.3.1)

where Y is the response variable, X and Z are predictors, [3 represents the parametric component
associated with X, g(-) denotes a non-parametric function of Z, and € is the error term [29]. This
model framework supports the application of OSE and TMLE by allowing flexible adjustment of
the non-parametric component while retaining the efficiency of the parametric estimates

Within the framework of this research project, specific focus is placed on evaluating and applying
OSE and TMLE to demonstrate their effectiveness in addressing model misspecification. These
models are examined through a series of simulations designed to highlight their superiority in
maintaining coverage of the true model parameters, particularly under conditions of increasing
data complexity and size [35].

2.3.1 Benefits of Semiparametric Estimation Techniques.

1. Flexibility in Modelling: These techniques adapt more dynamically to the underlying data
structure compared to fully parametric methods, offering significant advantages in modeling
complex relationships without oversimplification. The ability to incorporate non-parametric
components allows these estimators to capture subtleties in data that parametric models
might miss, leading to more accurate reflections of real-world phenomena [29].

2. Efficiency and Robustness: By balancing the structure of parametric methods with the adap-
tiveness of non-parametric approaches, semiparametric estimation techniques like TMLE
and OSE achieve higher statistical efficiency and precision against misspecification. This
balance helps to mitigate the effects of model misspecification, which causes biased esti-
mation from fully parametric models [35].

3. Incorporating Available Information: Semiparametric estimation techniques effectively man-
age the challenges posed by high-dimensional settings, sidestepping the “curse of dimen-
sionality” often encountered in purely non-parametric methods. If information about the
data generation process is available, e.g., the probablity of assignment to treatment in a
randomised controlled trial, then this can be incorporated as a parametric component. This
scalability makes them particularly useful in modern big data applications, where traditional
methods may fail to perform adequately due to high feature spaces [11].

2.3.2 Integration with Machine Learning: Recent Advancements. Recent research has
emphasized the integration of semiparametric estimation techniques with advanced machine learn-
ing algorithms to enhance their quality and applicability. One pivotal study by Schuler and Rose
[31] demonstrates the application of TMLE in epidemiological studies, underscoring its “double
robustness’ and the ability to integrate complex machine learning algorithms to minimize bias
in observational data. Double robustness means that the estimator remains consistent if either
the model for the outcome or the model for the treatment assignment is correctly specified, but
not necessarily both. This property is favorable because it provides an additional layer of protec-
tion against model misspecification, increasing the reliability of causal inferences. This study is
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particularly significant as it provides a comprehensive step-by-step guide on implementing TMLE
in practical settings, highlighting its superiority over traditional methods like G-computation and
Inverse Probability Weighting when handling model misspecification.

Another critical piece of research by Li et al. [22] evaluates the durability of TMLE through
realistic simulations within nutrition intervention trials. This study extends the application of
TMLE by using cross-validated techniques to improve estimator accuracy, a method known as
Cross-Validated TMLE (CV-TMLE) [35]. The researchers demonstrate that CV-TMLE can better
handle the complexities of real-world data by using cross-validation to avoid underestimating the
variance on the estimate.

2.3.3 Empirical Evidence Supporting TMLE.

e Schuler and Rose [31]: This study elaborates on the theoretical advantages of TMLE and
compares it with other estimation methods through simulations. The findings suggest that
TMLE, particularly when enhanced with machine learning algorithms like Super Learner,
offers more accurate estimates and is more robust to misspecification.

e Liet al. [22]: In their extensive simulations across different datasets from nutrition inter-
vention trials, the authors found that cross-validated TMLE consistently outperforms other
estimators. This resilience is crucial in ensuring the reliability of causal inferences drawn
from complex and large-scale data.



3. Methodology

The procedure of this research begins with a series of simulations designed to evaluate the
performance of traditional estimators—Difference-in-Means (DM), Ordinary Least Squares (OLS)
and Inverse Propensity Weighting (IPW)—under varying conditions of confounding and sample
sizes. These simulations are conducted to establish a critical baseline understanding of the
performance of traditional methods, particularly in estimating the average causal effect of a
treatment X on an outcome Y in the presence of a confounder W (since W affects both X and
Y).

Following the evaluation of traditional methods, the research progresses to explore the semipara-
metric estimators section, which shifts the focus to methods that blend parametric efficiency with
nonparametric flexibility, such as One-Step Estimation (OSE) and Targeted Maximum Likelihood
Estimation (TMLE).

3.1 Tools and Software

In this research, we use R, a comprehensive statistical programming environment renowned for
its extensive capabilities in data analysis and statistical modeling. The choice of R is motivated
by its widespread use in the statistical community and the efficient support for various types of
data manipulation, statistical modeling, and graphics. This makes R particularly suitable for the
complex simulations and analyses required in this study.

The following R packages are integral to our methodology:

e ggplot2: Used for its powerful and adaptable capabilities in creating informative and
aesthetically pleasing graphical representations of our data and results.

e dplyr: Essential for data manipulation, allowing for efficient and intuitive data operations,
which are significant in preparing and restructuring large simulation datasets.

e knitr: Enables the integration of R code with documentation, allowing for the creation
of dynamic, reproducible documents that seamlessly combine code execution, results, and
narrative.

e broom: Helps in tidying up model outputs, turning them into easily manageable data frames
which facilitate result interpretation and visualization.

e MASS: Provides a collection of functions and datasets to support the book “Modern Applied
Statistics with S” which includes well grounded statistical methods critical in handling
complex data structures.

e survey: Specifically used for analyzing data from complex survey designs, this package
supports methods appropriate for handling weighted data, which is particularly useful in
our simulations involving Inverse Propensity Weighting.

10
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Using R version 4.1.2 , we ensure that all analyses are reproducible and up-to-date with the latest
features and best practices in statistical computing.

3.2 Traditional Estimators

Prior to generating data and running simulations, it is best to establish a foundational understand-
ing of the traditional estimators used in this study: Difference-in-Means (DM), Ordinary Least
Squares (OLS), and Inverse Propensity Weighting (IPW). These estimators are fundamental in
statistical analysis for estimating causal effects, but they come with inherent assumptions and
limitations that can affect their performance in many instances.

3.2.1 Difference-in-Means (DM). The Difference-in-Means estimator is commonly used in
randomized controlled trials (RCTs) and is defined mathematically as:

. :nil S, _nio S v (32.1)

where n; and ng are the numbers of treated and control units, respectively. DM is unbiased
under randomization where the treatment assignment X does not depend on potential outcomes,
E[7pm] = 7, where 7 denotes the true effect size. However, its simplicity can be a drawback in
observational studies where confounding factors affect treatment assignment, leading to biased
estimates of the causal effect of treatment X on outcome Y [24].

3.2.2 Ordinary Least Squares (OLS). OLS is used to estimate the parameters of a linear
regression model, minimizing the sum of squared residuals. To illustrate how OLS works, we
assume data are generated according to the following linear model:

Yi(z) = ¢, + W, B, + ei(z), (3.2.2)

where Y;(z) is the potential outcome under treatment status =, W, are covariates, and ¢;(z) is
the error term.

To derive the OLS estimator for the average treatment effect (ATE) within the framework of the
linear regression model (3.2.2), we follow these steps:

e Considering the potential outcome models for the treated (z = 1) and control (z = 0)
groups:
Yi(1) =c; + W, B +e(1). (3.2.3)
K(O) =Cp + Wi—rﬁo + 62(0)

e The expected values of the potential outcomes conditional on the covariates W; are:

E[Y;(1)|W;] =c1 + W, By (3.2.5)
E[Y;(0)|Wi] =co + W, fo.
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e The Average Treatment Effect (ATE) is then given as:

T =E[Y;(1) - Yi(0)] =E[E[Y;(1)|W;] — E[Y;(0)|Wi]],
=E[c1 + W' 1 — (co + W' Bo)],
=C1 — Co + E[VVZT](ﬁl - Bo) (327)

Hence, the OLS estimator for the average treatment effect (ATE) is given by:

ToLs = €1 — Co + (WT(Bl - Bo))- (3.2.8)

OLS assumes that the error terms have constant variance and are uncorrelated with the predictors.
These assumptions, if violated (e.g., through omitted variable bias or heteroscedasticity), can lead
to biased and inconsistent estimates [24]. Moreover, if the data is not generated according to
a linear model, then the OLS estimator in Eq.(3.2.8) is no longer a consistent estimator for the
true effect 7 when W is a confounder. This will be exemplified in the simulations in Section 4.1

3.2.3 Inverse Propensity/Probability Weighting (IPW). IPW addresses the issue of con-
founding in observational studies by weighting individuals by the inverse propensity of receiving
the treatment they actually received:

Lo LN (XY (- XY
W ; (é(Wi) 1— e(W;) ) ’ (3.2.9)

where é(W;) is the estimated propensity score, the probability of receiving the treatment given
covariates W;.

To demonstrate that IPW is unbiased, we compare against an idealized oracle version of the
estimator:

LG (XY (1-X)Y
Tipw = Z (e(Wi) = (W) ) ; (3.2.10)

i=1

where e(W;) = P(T; = 1|W;) is the true propensity score. We analyse the bias of the oracle
IPW estimator:

Y

Le(Wi)  1—e(W))
& X)) (1-X) 1(0)}
e(W5) 1—e(W;)

[ XiY: (1- Xi)Yi]
Y;

B [ XYi(1) (1-X)Yi(
il il 7 R e

0)

LX) = X)Yi)]
ey T e |

= E[Yi(1) - Yi(0)]. (3.2.11)
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by IID, SUTVA, the Tower Rule, and Unconfoundedness. Therefore, 75,y is unbiased.

By correctly specifying the propensity score model and ensuring the assumptions of independence,
IPW can provide unbiased estimates of causal effects, making it a powerful tool in observational
studies. IPW is designed to create a “pseudo-population” in which the treatment assignment is
independent of measured confounders, thereby reducing bias in causal estimates. However, IPW's
performance heavily depends on the correct specification of the propensity score model and can
be unstable if probabilities are close to 0 or 1 [28]. We show examples of this behaviour in the
simulation in Subsection 4.1.3.

3.3 Data & Estimator Performance Evaluation

3.3.1 Simulation Design. To evaluate the performance of each estimator, a series of simulations
were conducted. The simulations were designed to generate data under both confounded and
unconfounded framework, with varying sample sizes.

e Covariate W: Generated as W ~ N(0,1), where W represents a normally distributed
covariate.

e Treatment X:

— Unconfounded Scenario: Treatment is independent of W/,
with Prob(X = 1) = W or Prob(X = 1) = 0.5, reflecting a random 50/50
chance of receiving the treatment, removing any influence of W on X.

— Confounded Scenario: The treatment assignment depends on the covariate W, mod-
eled as Prob(X = 1|IV) = 1+e*<0—‘13*0W> This setup introduces confounding, as X
is influenced by W.

e Qutcome Y: Initially, the outcome Y was generated as
Y ~ N (e 10XV ), (3.3.1)

as indicated by the modeling approach in TMLE.jl documentation [32].

To provide a more flexible simulation environment and to investigate the effects of varying
interaction and main effects, the model for Y was updated to

Y ~ N(€a+b-X+c-W+d-X-W7 1)7 (332)

where a, b, ¢, and d are parameters that were varied to allow the exploration of different
strengths of treatment effects, confounder effects, and their interaction on the outcome.

e Parameter Variation: a, b, ¢, and d were varied over a specified range. Each parameter was
adjusted in increments of 10,5 and 1, covering a range from their initial values to different
lower and upper limits that show volatility or extreme results in their estimate. The values
chosen were:

a=-1,b=—-10,c=1,d=1. (3.3.3)
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The simulations were run with the sample sizes, n = 100, 500, 1K, 5K, 10K, 50K, 100K, 500K
with 200 repetitions to ensure reliable estimates of the performance metrics.

3.3.2 Real Data. The sample data for a later analysis is derived from the WASH Benefits
Bangladesh study, detailed in the TLverse Handbook [27]. This is a cluster-randomized con-
trolled trial that investigates the impact of different interventions on child development in rural
Bangladesh, specifically focusing on water quality, sanitation, hand washing, and nutritional im-
provements.

Data Description

The study enrolled pregnant women from rural villages in central Bangladesh, dividing them
into eight clusters. These clusters were block randomized into six intervention groups and a
double-sized control group. The six intervention groups received different treatments, including:

1. Chlorinated drinking water - Water

2. Improved sanitation - Sanitation

3. Handwashing with soap - Handwashing

4. Combined water, sanitation, and handwashing - WSH

5. Improved nutrition through counseling and nutrient supplements - Nutrition

6. Combined water, sanitation, handwashing, and nutrition - Nutrition + WSH

The outcome of interest in the study is the weight-for-height Z-score (whz), which is used to
assess child growth. The treatment variable (‘tr') indicates the type of intervention received,
while other variables represent potential confounders and covariates, such as mother's education,
household assets, and food security status.

Analytical Approach

The analytical approach we took involved preparing and cleaning the data, followed by creating
pairwise comparisons among treatment groups and between each treatment group and the control
group. Various estimators (Difference-in-Means (DM), Ordinary Least Squares (OLS), Inverse
Propensity Weighting (IPW), One-Step Estimation (OSE) and Targeted Maximum Likelihood
Estimation (TMLE)) are applied to estimate the average treatment effect (ATE) with their
respective confidence intervals calculated for each estimates. The performance of each estimator
is evaluated based on these two metrics. Finally, the results are interpreted and reported to
highlight the strengths and weaknesses of each estimation method for real data from the WASH
Benefits Bangladesh study.

3.3.3 True ATE. To evaluate the performance metrics of each estimator, the true value for
the Average Treatment Effect (ATE), denoted as 7 has to be evaluated. This value serves as
a benchmark against each of the estimators’ biases, variances, and other metrics that can be

measured. Note that this value is available in the simulation as described in Subsection 3.3.1,
but not in the WASH study.
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Calculation of the True ATE
The ATE, 7, is defined as the corresponding statistical estimand:

r=E[Y (1) — Y(0)], (3.3.4)
where Y'(z) is the outcome under treatment z.

In our simulations, the outcome model Y is specified as:

Y =exp(a+bX + cW 4+ dXW), (3.3.5)

To compute the true ATE, we use the law of total expectation.

This law tells us that E[Y|X = 2| = E[E[Y|X = x, W]|X = z] i.e., we should integrate w.r.t.
p(w|X = x).

That is not what we want, since we are after E[E(Y|X =z, W)] not E[Y|X = z].
We don't want the latter because, due to the confounding it cannot be interpreted as something

causal like E[Y (x)]

EY|X =z| = /exp(a + bx + cw + dzw) - p(w) dw.

2

Given that W follows a standard normal distribution p(1W) = \/%e_WT, the integral simplifies
to:

E[Y|X = I] — €a+bm+%'

Thus, the expressions for the expected outcomes are:

(ct+a)?

C2
EY|X =1 =™ 2 E[Y|X =0 =e""".

Subtracting these, the true ATE is given by:
e s (3.3.6)

3.3.4 Metrics Evaluated. The performance of each estimator was assessed using the following
metrics:

e Bias: Calculated as the average difference between the estimated and the true average
treatment effect (ATE):

R
1
Bias = — ;@ —7), (3.3.7)

where 7, is the estimated ATE in the r-th simulation, R is the number of simulations, and
7 is the true ATE.
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Variance: The variability of the estimator around its expected value, computed as:

R
: 1 . e
Variance = = ;:1 (7, — T)%, (3.3.8)

where 7 is the mean of the estimated ATEs over all simulations.

e Bias.to.se: The Bias-to-Standard Error Ratio metric provides insight into the magnitude
of bias relative to the variability of the estimator. It is calculated as:

Bias
Bias.to.se = ——. 3.39
v/Variance ( )

This ratio helps in assessing the significance of the bias in relation to the estimator’s
precision.

e Estimation Accuracy: Assessed by calculating the root mean squared error (RMSE):

R

1 .
RMSE = | | - > (7 - 1) (3.3.10)

r=1

e Coverage Probability: The proportion of times the confidence interval contains the true
ATE:

R
Coverage Probability = %Z[(T e Cl,), (3.3.11)
r=1

where C1, is the confidence interval for the r-th simulation and I is an indicator function
that equals 1 if the true ATE is within the confidence interval and 0 otherwise.

e Confidence Interval Width:: The average width of the confidence intervals:

R
, 1
Cl Width = — ;(Clnuppe, — C1jower)- (3.3.12)

3.3.5 Further Comparisons in Confounded Data. Observing the limitations of OLS in a
confounded sample prompted a different comparison:

e Comparison between OLS and IPW: This comparison was strictly conducted in confounded
settings, where initial results indicated that OLS might not be robust. IPW, known for
handling confounding by weighting observations inversely by the probability of receiving the
treatment they did, was evaluated to see if it could provide more reliable estimates under
these conditions.
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3.4 Semiparametric Estimators

Bulding on the foundational concepts and benefits of semiparametric estimation discussed in the
literature review, we now look at the methodology of this approach. The core of these type of
estimation techniques lies in the concept of efficient nonparametric estimation. This involves
the use of influence functions and influence curves to provide a pathway to achieving efficiency
bounds that represent the smallest possible variance for an estimator, given the data and model.
In brief, the influence curve is the derivative of the target parameter of interest and the influence
function is a tool used to measure the sensitivity of an estimator.

U: M >R (3.4.1)

Here M is the set of possible data-generating probability distributions. We assume that the true
data-generating distribution, denoted by Py, lies in M. The true quantity we seek to estimate is
then )9 = ¥(P,). The influence curve quantifies how the value W(P) changes as the probability
distribution P is fluctuated in M.

3.4.1 Influence Curve (IC) or Gradient of a Statistical Estimand. An influence curve,
sometimes referred to as a canonical gradient, is a functional derivative of a target parameter or
estimand with respect to the underlying distribution of a dataset. Essentially, it describes how
the estimand changes in response to small changes in the distribution. The gradient of a target
parameter U(P), therefore is the pathwise derivative of W(P) in the direction of the distribution
P. Formally, it is given by:

d¥(P,)
dt ’

t=0

¢(07P) =

(3.4.2)

where O represents the observed data, and P, is a parametric submodel that smoothly transitions
from P to another distribution P*. The parametric submodel P, is often constructed as a
fluctuation path, defined by:

Py = tP* + (1 — )P, (3.4.3)

where ¢ is a small perturbation parameter that controls the transition from the original distribution
‘P to a nearby distribution P*. The derivative is taken with respect to ¢, which parametrizes the
amount of perturbation from P to P*. If this gradient exists, the parameter is called pathwise
differentiable [18].

This concept is often conflated with influence functions, but they serve distinct purposes. To
clarify the difference between influence curve and influence function, here are examples deriving
the gradient for population mean and average treatment effect [18]:

e Population Mean: The target parameter:

¥(P) ~Ep(Y) = [uf(s)dy, (3.4.4)
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where f(y) is the probability density function of Y under the distribution P.

To understand the influence curve, we modify the density f(y) in the direction of a single
observation :

fely) = t55(y) + (1 =) f(y), (3.4.5)

where 6;(y) represents a point mass at §.

Under this perturbed distribution P;, the estimand ¥ (P;) becomes:

W(P,) -t / yS5(y) dy + (1 — DEp(Y) = £ + (1 — )T (P). (3.4.6)

Taking the derivative of W(P;) with respect to ¢ at ¢t = 0:

AV (P,)

=g—U . 4.
ar |, "7 (P) (3.4.7)
Thus, the gradient for the population mean is:
oy, P) =y — ¥(P). (3.4.8)

The influence curve ¢(y,P) = y — ¥(P) shows how much an individual data point y
influences the estimate of the population mean. If y is much larger or smaller than the
mean U(P), it has a greater influence on the estimate, reflecting its deviation from the
average.

e Average Treatment Effect: The average treatment effect (ATE) measures the difference
in the expected outcomes under two different treatment conditions, typically coded as 0
(control) and 1 (treatment).

Given:

— X: Dichotomous exposure (treatment) variable, either 0 or 1.
— Y Outcome variable.

— W: High-dimensional vector of covariates, sufficient to adjust for confounding.
The statistical estimand for the ATE is defined as:

U, (P)=Ep{Ep(Y | X =1,2)—Ep(Y | X =0,2)}. (3.4.9)

Consider the potential outcome mean Y, which denotes the outcome for an individual if
their exposure level  were set by some intervention. Under assumptions such as positivity,
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consistency, non-interference, and conditional exchangeability given W [17], the estimand
for the population mean of Y'! is:

U(P) = Ep{Ep(Y | X =1, W)}. (3.4.10)

Modifying P in the direction of a point mass at (w0, Z,7), we get:

V(F) = /yft(y | 1, w) fi(w) dy dw = /yft(y’ L w) fu(w) dy dw, (3.4.11)

fi(1,w)

Given f;(y|z,w) as the conditional density function of Y given X = x and W = w under
the parametric submodel, and f;(y, z, w), fi(z,w), and f;(w) as the joint density functions
of (Y, X, W), (X, W), and W respectively under the parametric submodel, we use the chain
rule to derive:

d¥(P)| f(w) [y, Lw)f(w) d
dt . - /y{f(law) d ft(ya 1,11)) - - f(l,’LU)Z %ft(Lw) .
%;ﬁft(w) dydw, (3.4.12)
t=0
f( yalvw )(]lm,w(y,l,w) Lig(lw) Ig(w) ) w
L lw) | fGw) | fw) )
(3.4.13)
Evaluating each term of the integral separately:
— First Term:
f(y7 17 w)f(w> (]lﬂ,i,w<y7 17w>>
e .t )
_ flw) o
- /yf(lyw)]ly,x,w(:%17w)dydw7
_ ) _ 1.(1)
= yf(l,w)]k(l) = y?T(QD,P) (3.4.14)
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— Second Term:
_ f<y7 17 w)f(w) ]1@@(11}) ”
A (i) v
N [y, 1,w) f(w) 1
- [ () testubtva,
= - yf(y}?iwzg;;(w)lx(l)dy,
f(w)
“Ha) m(l)/yf(yll w)dy
_f() .
A LD Ely | 11
@)
= SR L) m (0. )
(3.4.15)
— Third Term:
[ Gy ) oo
[ Sy Lw)f(w) (1 0V du duw
- [ () etwptvan
_ [ Sy, L o) f(@)
- [V e
[y L)
- [ vy
=E[y | 1,w] = my(w, P) (3.4.16)
— Fourth Term:
_ /yf(y}t’lwzj;(w)dy dw = —/yf(y\l,w)f(w)dy dw. (3.4.17)
f(y | 1,w) integrated over y and then w:
= [ ([ usoirwi) swydw =~ [ @y 11w = u)av
—EE[Y | X =1W] =—U(P). (3.4.18)
Combining the terms:
dq’;ft) _ gﬂ](l”i“?))) - F](lgiu;)ml(w) i () — W(P) (3.4.10)
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Simplifying further, we have the canonical gradient of U(P) at (w, Z,9):

dqjcgtpt) - w](l;(,g) g —ma(@,P)} +mu(w,P) = U (P), (3.4.20)

t=0

where my(w,P) =Ep(Y | X =1, W =w) and 7(w,,P) = f(llw) =Ep(X =1 | W =
w) is the propensity score.

Thus, the influence curve for the ATE is:

¢ATE = le (07 P) - ¢0(O7 P) - \Ija<,P>’ (3421)

where the “uncentered” influence curve ¢,(O,P) is:

6,(0,P) = ij—%{y = (2, W) + ma (2, W), (3.4.22)

Overall Influence:

e The difference ¢1(O,P) — ¢o(O,P) captures the differential effect of treatment versus
control, adjusted for the distribution of covariates 1/, as the distribution P is varied.

e Subtracting W, (P) centers the gradient around the ATE, reflecting the deviation from the
average treatment effect estimate.

If an individual data point (Y, X, W) has an outcome Y that is significantly higher or lower than
the expected outcome given their covariates W and treatment X, this data point will have a
greater influence on the ATE estimate. This influence is adjusted by the probability of receiving
the treatment (propensity score) to ensure the influence is correctly weighted and the effect of
confounders is taken into account. The gradient thus captures the contribution of each data
point to the overall ATE estimate.

3.4.2 Influence Function(IF). Influence functions (IF) are tools used to measure the sensitivity
of an estimator to small changes in the dataset. They provide insights into how much an estimator
would change if a single observation in the dataset were altered. An influence function quantifies
the effect of an infinitesimal contamination at point z on an estimator 7. It evaluates the

robustness and efficiency of estimators by examining their response to small perturbations in the
data [34].

Central Limit Theorem (CLT)

In probability theory, the central limit theorem (CLT) states that the sum (or average) of a
large number of independent and identically distributed (i.i.d.) random variables, each with a
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finite mean and variance, will approximately be normally distributed regardless of the original
distribution of the variables [9].

Influence Functions and Asymptotically Linear(AL) Estimators

Influence functions are used to construct AL estimators with desirable properties such as unbi-
asedness, efficiency, and robustness. By ensuring that the estimator can be expressed in terms of
influence functions, statisticians can create estimators that have optimal asymptotic behavior.

An estimator 7, is considered asymptotically linear if it can be expressed in the following form:
. 1 ¢
Vi, —7) = NG Zl O(Z;) + 0,(1), (3.4.23)

where:

e 7 is the true parameter.

e ¢(Z;) is the influence function of the estimator 7,, which has mean zero, E[¢(Z;)] = 0, and
finite variance.

e 0,(1) is a remainder term that converges to 0 in probability.
Examples of Influence Functions

1. Sample Mean: For the sample mean estimator i, of an i.i.d. sample X;, X5,..., X, from
a distribution with mean 1 and variance o:

1 n
ly = — X;. 3.4.24
fin = — ; ( )
The influence function is:

2. Sample Variance: For the sample variance estimator 62 of the same sample:

n

1
62 ==Y (X;— i) (3.4.26)

The influence function is:

o(X;) = (X — p)? — o> (3.4.27)

Influence functions help in establishing the asymptotic normality of the estimator. Specifically,
the sum of influence functions \/Lﬁ > v 1 ¢(Z;) converges to a normal distribution as n becomes
large, by the Central Limit Theorem(CLT) [34]. This implies that:

Vn(F, — 1) S N(0,02), (3.4.28)
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2

where o* is the variance of the influence function.

Influence functions provide a linear approximation of the estimator around the true parameter
7. This approximation allows the use of the CLT to derive the asymptotic distribution of the
estimator, enabling robust statistical inference, including confidence interval construction and
hypothesis testing.

While the gradient of a target parameter and the influence function of an estimator are different,
they are connected as follows:

3.4.3 Theorem (Pfanzagl '82 [26], Van der Laan-Robins '06 [36]). Let V: M — R be a
pathwise differentiable statistical estimand. The regular asymptotically linear estimator with the
smallest variance has influence function ngT(Z ), the so-called efficient IF, which is equal to the
gradient of the statistical estimand V: M — R. The bias-corrected or one-step estimator

b Dy 4 LNT 2
P _w(P)+n;¢(z,), (3.4.29)

is asymptotically linear with IF the EIF, hence it is the optimal estimator.

This theorem illustrates that in a nonparametric statistical model, the regular asymptotically
linear estimator achieving the smallest asymptotic variance has a variance equal to the gradient
of the target parameter.

Both One-Step Estimation (OSE) and Targeted Maximum Likelihood Estimation (TMLE) are
examples of asymptotically linear (AL) estimators whose asymptotic variance equals the gradient
of the target parameter. Therefore, they possess the smallest possible asymptotic variance. These
methods use the influence function to measure the sensitivity of the estimator to changes in data,
thus aligning with the Central Limit Theorem and ensuring asymptotic normality [3].

Given that v/n(7, — 7) 4 N(0,0%), where o2 is the variance of the influence function, we
can estimate the variance of the OSE and TMLE estimators by averaging the squared influence
function values. Specifically, our variance estimator is 62 = = > | $(O;, P)?. For example,the
variance of OSE and TMLE ATE is estimated using the influence function, as defined in the OSE
subsection by the equation

XY —m(W))
(W)

(1= X)(Y — (W)

— (W) — (3.4.30)

where the expression in square brackets (i.e., the influence function) is squared before taking the
average with P,. This approach allows us to accurately estimate the variance and standard error
for OSE and TMLE, as detailed in the following sections.

3.4.4 One-Step Estimation. One-Step Estimation (OSE) is a semiparametric estimation
method that reduces the risk of model misspecification bias by refining an initial estimator.
This involves including additional information derived from the data, thereby enhancing both
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the quality and efficiency of the estimation process [2]. OSE adjusts a “naive” initial estimator
based on additional information derived from the gradient of the target parameter. The method
typically involves a single iteration or “step” added to an initial estimator to refine its accuracy,
hence the name “one-step’.

Mathematically, the one-step estimate for Average Treatment Effect (ATE) [21] is expressed as:

XY —m(W))
(W)

(1=X)(Y — (W)
1 — 7 (W)

— fio(W) — (3.4.31)

Here:

e (11 (W) and fio(W) denotes the predicted outcomes under treatment and control, respec-
tively. These are obtained from models that predict the outcome based on observed co-
variates and treatment status.

e (W) is the estimated propensity score, which is the probability of receiving the treatment
given the covariates. - X is the treatment indicator (1 if treated, 0 if not), and Y is the
actual observed outcome.

e P, is the empirical average over the sample.

XE—m(W)) nd A=) /(W)
. W) 1= (W) e
applications of the influence function. They correct for deviations between the observed
outcomes and the predicted outcomes due to model misspecification, weighted by the

inverse of the probability of receiving the treatment or control.

e The terms

are adjustment factors who also act as practical

Influence Function and Theoretical Significance

e The influence function in OSE, represented in the adjustment terms, is defined as:

XY —mW)) (=X — w(W))

P(zr) = (ﬂl(W) + V) - A — ﬂO(W)) . (3.4.32)

This function quantifies the change in the estimator ¢) with respect to small changes in the
empirical distribution P, of the data.

e Bias Reduction: The influence function directly modifies the initial estimator to reduce bias
and make the OSE estimator asymptotically linear. This allows us to extract asymptotic
confidence intervals for the OSE, leading to valid statistical inference:

A = P,[o(z)]. (3.4.33)

The influence function in OSE is not merely an adjustment device, but a fundamental component
derived from advanced statistical theory to optimize the estimator’s properties. By mathematically
integrating this function, OSE significantly improves both the bias and variance characteristics of
the estimator, aligning it closely with the theoretical ideals of semiparametric statistics.
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3.4.5 Targeted Maximum Likelihood Estimation (TMLE). Targeted Maximum Likelihood
Estimation (TMLE) is a semiparametric technique that has garnered attention for its strength
in handling the bias-variance tradeoff, a key aspect when dealing with model misspecification in
causal inference studies. Initially introduced by van der Laan and Rubin [36], TMLE integrates
ideas from both targeted learning and influence function-based estimation, making it especially
useful in observational studies where traditional modeling methods may be prone to biases due
to complex relationships between variables.

TMLE enhances the accuracy of parameter estimates by adjusting the initial estimates using the
“clever covariate”. It specifically targets the estimation to reduce bias , improving efficiency while
addressing the shortcomings of standard estimators in the presence of complex, high-dimensional
data structures [35].

A main advantage of TMLE over other estimation techniques, such as Inverse Probability Weight-
ing (IPW), is its ability to incorporate machine learning algorithms in the estimation process. This
integration enables TMLE to handle high-dimensional data more effectively by adapting to the
underlying data structure without imposing stringent parametric assumptions. Moreover, TMLE's
flexibility in model specification allows it to outperform traditional methods in cases where the
true relationship between variables is complex and unknown [31].

Empirical studies have demonstrated TMLE's efficacy in various fields, particularly in epidemiology
and social sciences, where observational data are prevalent. For instance, simulation studies
have shown that TMLE maintains lower bias and higher precision compared to other estimators
when there are deviations from model assumptions due to omitted variables or interaction effects
[25]. These attributes stress the use of TMLE in research, where protecting against model
misspecification is crucial.

TMLE involves several steps, typically starting with an initial estimate of the parameter of interest
and iteratively refining this estimate. The method uses logistic regression models (or similar
models appropriate for the outcome being studied) along with the influence function to steer the
estimation process [31]:

1. Initial Estimation: Suppose we want to estimate a causal effect, like the ATE.

e Outcome Model: We fit an initial model to estimate the conditional means of the
outcome given covariates and treatment. We obtain estimates QO(W) for control
and Q,(W) for treatment. This initial model can be fitted using any regression
technique suitable for the outcome type (linear, logistic, etc.) as well as advanced
models like random forest and gradient boasting.

e Propensity Score: A propensity score (W) is estimated by typically using a logistic
regression model. This will be used to balance the treatment groups with respect to
the observed covariates, accounting for confounding in observational studies.

2. The Clever Covariate (H):

e H is derived from the gradient/IC of the target parameter of interest (here, ATE) and
is used to adjust the influence of treatment on the outcome, correcting for any biases
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due to treatment assignment. For ATE, the clever covariate is:

X
W9 = S - gamy

e This formula represents the weights used to adjust the treatment effect’s estimation
for the distribution of covariates in treated and untreated (control) groups.

(3.4.34)

3. Updating the Initial Estimates:

e The initial predictions (QO(W) and Ql(W)) are updated using a targeted regression
that takes in the clever covariates.
e The new model is fit with an offset using the previously estimated QO(W) and Ql(W)
as baselines and including H, and H, in the regression to adjust the estimates:
logit(Q:(W)) = logit(Qy(W)) + e, H,. (3.4.35)

Here, € represents small increments from the regression coefficients associated with
H, and H,.
4. Influence Function: The influence function (‘IF") is computed as:
F = (Hy— Hy) x (Y — (X x Qi + (1= X) x Q) + (O = Qp). (34.36)
The IF quantifies the influence each additional data point has on the estimate.

5. Final Estimation: Here, the Average Treatment Effect is computed, typically through a
simple mean or another summary measure over the updated Q*.

ATE = mean(Q* (W) — Qi (W)). (3.4.37)

Potential Issues and Solutions with TMLE

Despite the strengths of TMLE, there are known issues [35] that can affect its performance,
which was noticed in our implementation:

1. Underestimation of Variance: TMLE can sometimes underestimate the variance.

2. Bias: TMLE might incur bias, primarily because the outcome regression and propensity
score function are estimated on the same data used for the updating step. This practice,
known as “double dipping,” leads to these problems.

A generalization of TMLE, known as Cross-Validated TMLE (CV-TMLE) [35], addresses these
issues. In CV-TMLE, the data is split into folds. The outcome and propensity are fitted on some
folds, and the update is performed on a separate held-out fold. This approach prevents the double
dipping problem by ensuring that the data used to estimate the initial models is not reused in the
updating step.

Due to time constraints, CV-TMLE was not implemented in this research. However, it is rec-
ommended as a potential solution for future work to enhance the robustness and accuracy of
TMLE.



4. Results and Discussion

4.1 Traditional Estimators

Laying the foundation with traditional estimators, we provide initial insights into their performance
under ideal and less-than-ideal conditions (e.g., unconfounded vs. confounded settings), setting
the stage for the necessity of more solid methods such as semiparametric estimators, which may
offer better performance in the face of such complexities [17].

4.1.1 Unconfounded Scenario. In this initial evaluation of the research project, we start off
by examining the performance of two standard estimators: DM and OLS.

Performance Metrics for DM and IPW Estimators Across Different Sample Sizes(Unconfounded)

Sample_Size Estimator Mean_Estimate Bias Variance Bias.to.se RMSE Coverage Mean_CI_Width
le+02 DM -4.497078 0.0163007 0.9838901 0.0164336 0.9895637 0.870 3.2706033
1e+02 OLS -4.392049 0.0887286 0.5178408 0.1233007 0.7232733 0.850 2.4769194
5e+02 DM -4.556136 0.0753584 0.1767916 0.1792259 0.4261297 0.920 1.6063734
5e+02 OLS -4.523532 0.0427547 0.1164915 0.1252669 0.3431282 0.925 1.2121690
1le+03 DM -4.439571 0.0412067 0.0831979 0.1428603 0.2906542 0.930 1.1025930
1e+03 OLS -4.448362 0.0324150 0.0637978 0.1283344 0.2540267 0.875 0.8346240
5e+03 DM -4.484465 0.0036883 0.0154980 0.0296271 0.1242340 0.965 0.5094029
5e+03 OLS -4.476488 0.0042896 0.0129283 0.0377263 0.1134991 0.925 0.3871468
le+04 DM -4.479517 0.0012600 0.0082784 0.0138483 0.0907666 0.950 0.3599965
1le+04 OLS -4.480680 0.0000973 0.0056912 0.0012897 0.0752514 0.925 0.2733521
5e+04 DM -4.484323 0.0035458 0.0019553 0.0801883 0.0442501 0.935 0.1623124
5e+04 OLS -4.485817 0.0050403 0.0014021 0.1346069 0.0376895 0.890 0.1234594
1le+05 DM -4.483268 0.0024904 0.0009165 0.0822627 0.0303009 0.945 0.1142336
1e+05 OLS -4.482538 0.0017612 0.0006182 0.0708315 0.0248643 0.925 0.0868380
5e+05 DM -4.480790 0.0000126 0.0001857 0.0009255 0.0135918 0.945 0.0512070
5e+05 OLS -4.481358 0.0005809 0.0001195 0.0531496 0.0109175 0.930 0.0389481

Figure 4.1: Table 1 : Performance Metrics for DM and OLS Estimators

e Both DM and OLS show a decrease in bias and variance with increasing sample sizes.
Notably, OLS consistently exhibits lower bias and variance than DM across all sample sizes.
This is due to OLS's use of the full dataset for parameter estimation and its consideration
of Y's dependence on W, which provides more stable and precise estimates of the effect
of X on Y as sample sizes grow.

e Bias-to-se ratio and RMSE decrease as sample size increases for both estimators, with OLS
performing better (lower values) than DM.

e Coverage probability is generally better for DM, especially at larger sample sizes, while OLS
shows a sharper decrease in confidence interval width, indicating more precise estimates.

27
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e OLS generally provides more accurate and precise estimates (lower bias, variance, and
RMSE), but DM offers better coverage, making it preferable where coverage is critical.

Looking at Figure 4.2, the behavior of the graphs in the image is expected based on the theoretical
advantages of Ordinary Least Squares (OLS) over the Difference-in-Means (DM) estimator. The
higher fluctuation in the bias-to-se ratio shows a higher sensitivity of DM to random errors and

variability in small sample sizes.

4.1.2 Confounded Scenario. After performing the first study with unconfounded data, we
continued the investigation to assess how well the DM and OLS estimators perform with con-
founded data. Considering the possible influence of confounding on estimator performance, a
third estimator, IPW, is tested to effectively reduce confounding effects.

Significant findings from the table are highlighted in the graphs that follow, illustrating trends

across sample sizes for each estimator:
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Performance Metrics for DM, OLS and IPW Estimators Across Different Sample Sizes(Confounded)

Sample_Size Estimator Mean_Estimate Bias Variance Bias.to.se RMSE Coverage Mean_CI_Width
le+02 DM -5.664498 1.1837212 1.1011977 1.1280199 1.5801543 0.875 3.8309558
1le+02 IPW -4.491540 0.0107632 0.4119458 0.0167696 0.6403139 0.955 2.9637029
1le+02 OLS -4.085224 0.3955529 0.3118201 0.7083577 0.6831714 0.775 2.0617104
5e+02 DM -5.708825 1.2280483 0.2632400 2.3935335 1.3304234 0.240 1.8798338
5e+02 IPW -4.487182 0.0064048 0.0887653 0.0214973 0.2972583 0.985 1.3779661
5e+02 OLS -4.173133 0.3076438 0.0616468 1.2390619 0.3949471 0.765 1.0605468
1le+03 DM -5.680754 1.1999772 0.0994132 3.8058428 1.2405085 0.015 1.3300263
1e+03 IPW -4.471472 0.0093047 0.0309903 0.0528554 0.1758462 0.995 0.9709889
1e+03 OLS -4.168748 0.3120294 0.0239009 2.0183145 0.3480571 0.635 0.7567389
5e+03 DM -5.716027 1.2352500 0.0268773 7.5346373 1.2460278 0.000 0.6171175
5e+03 IPW -4.489331 0.0085542 0.0088537 0.0909115 0.0942476 0.975 0.4410550
5e+03 OLS -4.159820 0.3209570 0.0055681 4.3012181 0.3294749 0.045 0.3621662
le+04 DM -5.713137 1.2323594 0.0122742 11.1234729 1.2373045 0.000 0.4356599
le+04 IPW -4.483085 0.0023083 0.0040653 0.0362037 0.0636421 0.990 0.3114363
1le+04 OLS -4.168216 0.3125607 0.0027951 5.9120349 0.3169784 0.000 0.2547934
5e+04 DM -5.709256 1.2284783 0.0025870 24.1530707 1.2295255 0.000 0.1949478
5e+04 IPW -4.482192 0.0014149 0.0009079 0.0469576 0.0300890 0.985 0.1393496
5e+04 OLS -4.170144 0.3106331 0.0005613 13.1116543 0.3115307 0.000 0.1142576
1le+05 DM -5.710920 1.2301429 0.0012968 34.1604471 1.2306672 0.000 0.1380432
1le+05 IPW -4.482853 0.0020757 0.0004084 0.1027126 0.0202644 0.985 0.0985547
1e+05 OLS -4.165778 0.3149995 0.0002684 19.2285894 0.3154231 0.000 0.0811316
5e+05 DM -5.706975 1.2261980 0.0002291 81.0104456 1.2262910 0.000 0.0616314
5e+05 [IPW -4.481123 0.0003454 0.0000786 0.0389668 0.0088490 0.970 0.0440422
5e+05 OLS -4.168276 0.3125012 0.0000655 38.6104756 0.3126055 0.000 0.0361917

Figure 4.3: Performance Metrics for DM, OLS, and IPW Estimators

e Bias: DM exhibits notable bias, especially at smaller sample sizes, while OLS and IPW
maintain low levels of bias across all sample sizes,but there is a qualitative difference between
the two. OLS has an essentially constant bias regardless of sample size, whereas IPW's
bias shrinks with increasing sample size.

e Variance: Variance decreases for all estimators as sample size increases. |IPW starts with a
higher variance but stabilizes and performs comparably better to OLS with larger sample
sizes.

e The DM estimator shows a high bias-to-se ratio, which is observed at smaller sample sizes.
OLS bias-to-se ratio increases with increasing sample size, which means OLS is not robust
against confounding; the underlying issues only become apparent with larger sample sizes.
Conversely, the bias-to-se ratio of IPW is shrinking consistently with increasing sample size.

e RMSE: RMSE is regularly higher for DM cross all sample sizes. OLS and IPW show lower
RMSE, with IPW slightly outperforming OLS, suggesting better overall accuracy in the
presence of confounders.

e IPW exhibits excellent coverage, close to the nominal level (0.95) across all sample sizes,
surpassing OLS, which shows diminished coverage as sample size grows, but the coverage
probability for DM is significantly lower, showing poor performance under confounding.
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Figure 4.4: Line Graphs of Performance Metrics for DM, OLS, and IPW Estimators Across
Different Sample Sizes (Confounded)

e Confidence intervals for DM are wider, reflecting greater uncertainty. OLS and IPW have
narrower confidence intervals, with IPW generally providing tighter intervals. However, due
to the bias in the OLS estimate, these narrower confidence intervals lead to poor coverage,
missing the ground truth.

Figure 4.2 gives a more visual representation of the trend as the sample size increases, supporting
the initial analysis and meeting the expected results.

The introduction of IPW has highlighted its strength in handling confounding effects, providing
low bias and high coverage probabilities across various sample sizes. In contrast, DM struggles
with higher bias and RMSE, suggesting its limitations in confounded scenarios. OLS performs
moderately well but does not match the robustness of IPW in the presence of a confounder.
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4.1.3 Limitation of IPW. When compared to the initial estimators, IPW performs remarkably
well, covering all the essential components of the target measure that the research seeks. However,
this estimator is not as effective when the propensity model is misspecified. The performance
declines and is observed to produce values that are precisely from the Difference-in-Means when

the model is just a constant, such as the probability of each treatment. This result can be seen
in Table (4.5) and Graph (4.6).

4.2 Semiparametric Estimators

One-Step Estimation and Targeted Maximum Likelihood Estimation with a fitted linear model
as their initial estimator are now added to the mix to make up for the shortcomings of the three
estimations.

Performance Metrics for DM ,IPW ,0OLS, OSE and TMLE Estimators Across Different Sample Sizes

Sample_Size Estimator Mean_Estimate Bias Variance Bias.to.se RMSE Coverage Mean_CI_Width
1e+02 DM -5.754022  -1.2732453  1.2897399 -1.1211431  1.6980312 0.885 4.1341403
1e+02 [PW -5.754022  -1.2732453  1.2897399 -1.1211431  1.6980312 0.885 4.1056987
le+02 OLS -4.090185 0.3905917  0.3238676 0.6863399  0.6830332 0.835 2.2719330
1e+02 OSE -4.472859 0.0079185 0.6603424 0.0097445  0.7840973 0.930 3.0606234
le+02 TMLE -4.253094 0.2276832  0.5527609 0.3062403  0.7541107 0.905 29642646
5e+02 DM -5.731823  -1.2510458 0.3538736 -2.1030479  1.3556784 0.210 1.9047158
5e+02 [PW -5.731823 -1.2510458 0.3538736 -2.1030479  1.3556784 0.210 1.9021885
5e+02 OLS -4.122718 0.3580588 0.0819392 1.2508595  0.4424632 0.715 1.0820456
5e+02 OSE -4.469966 0.0108109  0.1524920 0.0276845  0.3569667 0.935 1.3983282
5e+02 TMLE -4.268305 0.2124719  0.1238009 0.6038648  0.3877061 0.900 1.3725763
1e+03 DM -5.676975  -1.1961973  0.1132849 -3.5539946  1.2408398 0.015 1.3356528
le+03 IPW -5.676975 -1.1961973  0.1132849 -3.5539946  1.2408398 0.015 1.3347673
1e+03 OLS -4.161610 0.3191669  0.0328417 1.7611851  0.3658429 0.605 0.7638453
1e+03 OSE -4.461083 0.0196944  0.0577388 0.0819613  0.2436610 0.975 0.9780207
1e+03 TMLE -4.269884 0.2108930 0.0533276 0.9132423  0.3125068 0.850 0.9621034
5e+03 DM -5.695390  -1.2146125 0.0269316 -7.4012713  1.2272336 0.000 0.6154884
5e+03 [PW -5.695390 -1.2146125 0.0269316 -7.4012713 1.2272336 0.000 0.6154070
5e+03 OLS -4.171390 0.3093868 0.0043833 4.6730743  0.3184247 0.045 0.3594169
5e+03 OSE -4.472204 0.0085736  0.0100784 0.0854019 0.1119414 0.950 04413349
5e+03 TMLE -4.283959 0.1968185  0.0084902 21360297  0.2204366 0.560 0.4358074
1e+04 DM -5.708505  -1.2287274 0.0113315  -11.5428239 1.2331330 0.000 0.4367591
le+04 I[PW -5.709505  -1.2287274 0.0113315  -11.5428239 1.2331330 0.000 0.4367303
1e+04 OLS -4.162679 0.3180980  0.0029393 5.8673299  0.3224421 0.005 0.2567168
le+04 OSE -4.477233 0.0035440  0.0055805 0.0474415 0.0712678 0.975 0.3132594
1e+04 TMLE -4.285968 0.1948090  0.0046093 2.8693955  0.2059445 0.260 0.3092343
S5e+04 DM -5.709678  -1.2289005 0.0024028  -25.0699889 1.2298714 0.000 0.1944857
5e+04 IPW -5.709678  -1.2289005 0.0024028  -25.0699889 1.2298714 0.000 0.1944831
5e+04 OLS -4.171168 0.3096089  0.0005253 13.5080212  0.3105011 0.000 0.1139158
5e+04 OSE -4.486362 -0.0055845 0.0010283 -0.1741542  0.0330621 0.950 0.1398729
5e+04 TMLE -4.297338 0.1834388  0.0008645 6.2390059  0.1858070 0.000 0.1381194
le+05 DM -5.706956 -1.2261786  0.0010629 -37.6097631  1.2267215 0.000 0.1373209
1e+05 [PW -5.706956  -1.2261786 0.0010629  -37.6097631 1.2267215 0.000 0.1373200
1e+05 OLS -4.168282 0.3124951  0.0003035 17.9361393  0.3129874 0.000 0.0804253
1e+05 OSE -4.482159  -0.0013818 0.0004976 -0.0619479  0.0235010 0.950 0.0987518
1e+05 TMLE -4.293345 0.1874320  0.0004168 9.1805379  0.1886412 0.000 0.0975176
5e+05 DM -5.708297 -1.2275194  0.0001706 -93.9748470  1.2276075 0.000 0.0616734
5e+05 IPW -5.708297  -1.2275194  0.0001706  -93.9748470 1.2276075 0.000 0.0616733
5e+05 OLS -4.167398 0.3133789  0.0000509 43.9187942  0.3134560 0.000 0.0362519
5e+05 OSE -4.481405  -0.0006282  0.0000920 -0.0654850 0.0102612 0.965 0.0442725
5e+05 TMLE -4.291866 0.1889107  0.0000805 21.0491410  0.1891398 0.000 0.0437203

Figure 4.5: Performance Metrics for DM, OLS, IPW, OSE and TMLE Estimators
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Figure 4.6: Line Graphs of Performance Metrics of all Estimators

e Bias and Variance:

— The OSE estimator shows the lowest bias across all sample sizes.

— TMLE exhibits a small but consistent bias, which is unexpected given its theoretical
robustness.

— Both OSE and TMLE show significantly lower variance compared to traditional esti-
mators (DM, IPW, OLS).

— Variance decreases with increasing sample sizes for all estimators.
e Bias-to-SE Ratio::

— TMLE's bias-to-standard error ratio remains moderate, indicating that the bias ob-
served is not overly impactful relative to its standard error.
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— OSE maintains a low bias-to-se ratio, further affirming its reliability.

e RMSE:

— RMSE values for OSE and TMLE are consistently lower than those of traditional
estimators, demonstrating their superior performance in terms of predictive accuracy.

e Coverage Probability:

— Coverage probability for TMLE and OSE approaches the nominal level (0.95) as sample
sizes increase, while traditional estimators often fall short, especially for smaller sample
sizes. However, for very large sample sizes (>5K), TMLE's coverage declines.

— The DM estimator shows notably poor coverage across all sample sizes.
e Confidence Interval Width:

— Confidence interval widths for all estimators are narrow for larger sample sizes, but
each estimator’s bias compared to this metric shows more precise estimates for TMLE

and OSE.

Figure 4.6 shows the semiparametric estimators, OSE and TMLE, generally perform better than
the traditional estimators in all the metrics. However, TMLE's performance did not fully meet ex-
pectations, suggesting a potential bug in the implementation or an indication of TMLE limitations
mentioned in Subsection 3.4.5. Despite this, TMLE still outperforms the traditional estimators.
The consistent low bias and variance of OSE across different sample sizes additionally reinforces
the advantages of semiparametric estimation techniques. Further investigation is warranted to
address the unexpected results with TMLE and ensure its optimal application in future analyses.

4.3 Real Data

In the previous setup, the data was engineered using known functions in a simulation. As we knew
everything ahead, we could calculate the true value to see how it compared to the estimates.
Now we would apply these estimators to real data to see what types of values were provided and
analyze their confidence intervals for interpretation. Random Forest was chosen as a model fit for
the initial estimate for both OSE and TMLE, which resulted in significant estimates and tighter
confidence interval compared to the linear model used for the simulation.

4.3.1 Control vs Each Treatment. In comparisons such as “Control vs Nutrition" and “Control
vs Handwashing”, all estimates are negative ATEs stipulating these interventions might slightly
reduce the weight-for-height Z-score compared to the control. Positive ATEs are seen in the
visualization like “Control vs Sanitation”, “Control vs Water” and “Control vs WSH (combined
intervention)”, meaning these improve the Z-score. With “Control vs Nutrition + WSH", only OLS
and OSE give negative ATEs. Overall, One-Step Estimation and Targeted Maximum Likelihood
Estimation give more precise estimates, which makes them preferable for analyzing treatment
effects in real data.
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Control vs Nutrition

Estimator Mean_Estimate Mean_CI_Width

DM -0.0010662
IPW -0.0014076
OLS -0.0040793
OSE -0.0103278
TMLE -0.0106214

Control vs Water

0.2068069
0.2101190
0.2045861
0.1038150
0.1036608

Estimator Mean_Estimate Mean_CI_Width

DM 0.1028455
IPW 0.1115258
OLS 0.1005038
OSE 0.0747363
TMLE 0.0606668

0.1949207
0.1984684
0.1990841
0.1021315
0.1018255

Control vs Handwashing
Estimator Mean_Estimate Mean_CI_Width

DM -0.0079797
IPW -0.0233767
OLS -0.0201386
OSE -0.0321319
TMLE -0.0208073

Control vs Sanitation

0.2047320
0.2060638
0.2013422
0.1032593
0.1029467

Estimator Mean_Estimate Mean_CI_Width

0.2045921
0.2125657
0.2038025
0.1081304
0.1077040

0.2143483
0.2172125
0.2074826
0.1190421

DM 0.0341559
IPW 0.0628112
OLS 0.0592891
OSE 0.0399129
TMLE 0.0291193
Control vs WSH
Estimator Mean_Estimate Mean_CI_Width
DM 0.1935111
IPW 0.1655137
OLS 0.1619046
OSE 0.1215087
TMLE 0.1133867

0.1195812

Control vs Nutrition + WSH
Estimator Mean_Estimate Mean_CI_Width

DM 0.0063342
IPW 0.0030688
OLS -0.0038240
OSE -0.0031276
TMLE 0.0023825

0.1999536
0.2083872
0.2016287
0.1044593
0.1040157

Estimate

Estimate

Estimate

Estimate

Estimate

Estimate

Confidence Intervals - Control vs Nutrition

010

005

0.00 'y %

008

oM 1PW oLs osE
Estimator

Confidence Intervals - Control vs Water

Estimator

Confidence Intervals - Control vs Handwashing
0.10

005

0.00

005

oM 1w oLs osE
Estimator

Confidence Intervals - Control vs Sanitaion

oM W oLs osE
Estimator

Confidence Intervals - Control vs WSH

03

oM W oLs osE
Estimator

Confidence Intervals - Control vs Nutrition + WSH

010

0.05

)
0.00 .

005

oM 1w oLs osE
Estimator

Figure 4.7: Control Against Each Treatment
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4.3.2 Treatment Pairs. Similar to what is seen in Figure (4.7), several comparisons show
negative ATEs, indicating a potential detrimental effect of certain interventions compared to each
other. For example, “Sanitation vs. Nutrition + WSH" has negative ATEs across all estimators.
There are some positive ATEs are observed in comparisons such as “Handwashing vs. WSH",
with TMLE showing an ATE of 0.1309 and “Nutrition vs. WSH" with TMLE showing an ATE of
0.1112.

Confidence Intervals - Handwashing vs Nutrition + WSH

Handwashing vs Nutrition + WSH
Estimator Mean_Estimate Mean_CI_Width

DM 0.0143139 0.2322410
IPW 0.0291904 0.2356465 i T -
OLS 0.0340584 0.2281928 ol
OSE 0.0243860 0.1197602
TMLE 0.0215597 0.1193320 R
Handwashing vs WSHH Conidonce rvls - Handwashingve WSH
Estimator Mean_Estimate Mean_CI_Width
DM 0.2014908 0.2447440
IPW 0.1968463 0.2504819 B -
oLS 0.1881427 0.2414642 ol
OSE 0.1498890 0.1359873
TMLE 0.1309925 0.1362128 W e e
Confidence Intervals - Nutrition + WSH vs WSH

Nutrition + WSH vs WSH
Estimator Mean_Estimate Mean_CI_Width
DM 0.1871769 0.2407611 A
IPW 0.1796638 0.2479371 ? -
OLS 0.1810576 0.2384976 §
OSE 0.1371597 0.1393401 :
TMLE 0.1206826 0.1390344

ols
Estimator

Figure 4.8: Treatment Against Each Other 1

OSE and TMLE consistently provide narrower confidence intervals, suggesting higher precision.
For instance, for “Handwashing vs. Nutrition + WSH", in Figure 4.8 the confidence interval
widths for OSE and TMLE are 0.1197 and 0.1193, respectively, compared to 0.2324 for DM. The
Average Treatment Effect (ATE) estimation by DM, OLS, and IPW, is not statistically significant
as their confidence intervals include zero. In contrast, both OSE and TMLE estimations remain
significant, further emphasizing their reliability and precision in ATE estimation.

In summary, while ATE values vary across different interventions and estimators, OSE and TMLE
demonstrate superior performance in precision, making them more reliable for estimating treat-
ment effects in complex real-world data scenarios.
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Nutrition vs Sanitation

Estimator Mean_Estimate Mean_CI_Width

DM
IPW
OLS
OSE
TMLE

Nutrition vs Water

0.0352221
0.0445934
0.0402549
0.0314338
0.0318136

0.2380468
0.2442034
0.2386710
0.1241148
0.1246532

Estimator Mean_Estimate Mean_CI_Width

DM
IPW
OLS
OSE
TMLE

0.1039117
0.0870771
0.0846425
0.0681215
0.0593826

0.2297877
0.2394208
0.2331218
0.1236323
0.1227256

Nutrition vs Handwashing
Estimator Mean_Estimate Mean_CI_Width

DM
IPW
OLS
OSE
TMLE

-0.0069135
-0.0116958
-0.0083318
-0.0111626
-0.0044717

0.2381671
0.2433567
0.2346245
0.1217861
0.1211567

Nutrition vs Nutrition + WSH
Estimator Mean_Estimate Mean_CI_Width

0.2340722
0.2413896
0.2341298
0.1208625
0.1206714

0.2464823
0.2535803
0.2447126
0.1358418

DM 0.0074005
IPW -0.0019529
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5. Conclusion

The research project set out to address the statistical challenge of model misspecification bias,
with a focus on average treatment effects (ATE) estimation from complex datasets. By compar-
ing traditional estimation techniques (Difference-in-Means, Ordinary Least Squares, and Inverse
Propensity Weighting) with semiparametric methods (One-Step Estimation (OSE) and Targeted
Maximum Likelihood Estimation (TMLE)), the current paper aims to demonstrate precisely how
limited the conventional approaches are and the value of more sophisticated, flexible methods.

Our simulations established that traditional estimators, even though useful in straightforward, un-
confounded scenarios, often performed poorly in the presence of confounding factors and complex
data structures. In particular, our Difference-in-Means estimator implementation had significant
bias and high variance for smaller sample sizes. While Ordinary Least Squares provided better
performance in terms of reduced bias and variance, its behavior was not robust under confounded-
ness. The Inverse Propensity Weighting method provided a better reduction of bias and handling
of confounding but was highly sensitive to incorrect specification of the propensity score model,
thus becoming less reliable in practice.

The introduction of semiparametric estimation techniques showcased a noticeable improvement
in estimator performance. Across all sample sizes, One-Step Estimation repeatedly generated the
lowest bias and variance, reflecting its robustness to model misspecification. Targeted Maximum
Likelihood Estimation had slightly more bias than expected but showed a greater reduction in
variance than the other three traditional methods, and hence is more accurate. We anticipated
TMLE to perform far better compared to what was obtained in our implementation. However, the
issue with TMLE became apparent because the outcome regression and propensity score functions
were estimated on the same data used in the updating step, a practice known as “double-dipping”.
An approach to counteracting this is by using Cross-Validated TMLE (CV-TMLE). It neutralizes
the double-dipping problem by splitting the data [35]. We could not use CV-TMLE in our study
due to time constraints. Nevertheless, its inclusion in future work could address the limitations
encountered and further improve the quality of our causal inferences, leading to approximately
nominal coverage of 95%. The use of influence functions in these semiparametric methods
allowed for more precise adjustments and refinements of initial estimates, which enhanced their
reliability.

The semiparametric estimators outperformed the other estimators in the analysis of real data from
the WASH Benefits Bangladesh study. Comparing different interventions with the control group,
both estimation methods yielded shorter confidence intervals and more reliable ATE estimates.
Such findings expose practical ways that semiparametric techniques can be applied on real-world
data, where data complexity is prevalent and confounding is significant, revealing important
results where standard methods fail to do so. Subsequent research could focus on further refining
these semiparametric methods, just like CV-TMLE, and exploring their applications across other
areas of interest. Testing the integration of these techniques with machine learning algorithms
can also enhance their suitability and applicability in big data. Facilitating a wider adoption of
these methods will require addressing potential implementation issues and creating user-friendly
software packages, such as the Julia TMLE.jl package [32] and the tlverse R software.
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APPENDICES

5.1 R Code

The R code used for this research is available in the following GitHub repository:

e R Code
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