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DEVELOPMENT AND ANALYSIS OF NEW NONPARAMETRIC
TECHNIQUES FOR CAUSAL INFERENCE IN OBSERVATIONAL
STUDIES

SHAYMAA R. THANOON*, §

ABSTRACT. The lack of randomization methods in observational studies blocks researchers
from reaching valid conclusions based on their data. The lack of randomization tech-
niques results in multiple experimental factors which appear in the research results.
Research managers now use modern nonparametric analysis methods to reach superior
causal results while gaining higher flexibility than traditional parametric procedures.
This research develops a new analytical approach which merges matching techniques
with instrument variables through kernel estimation methods for evaluation. The ana-
lytical procedures execute their functions without depending on specific distributional
assumptions for discovering causal dependencies. Programmers who analyze complex
observational data need to conduct theoretical evaluations and simulation tests to de-
termine how specific causal data estimations are generated. The approaches make it
possible to directly use them in epidemiology, economic research and social sciences to
boost the estimated results from observed datasets.

Kaywords: nonparametric causal inference, kernel-based estimators, instrumental vari-
able techniques, marginal structural models (MSMs).
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1. INTRODUCTION

Randomization enables experimental research to properly control potential confounders
yet this essential process cannot be added to observational research because of its differ-
ent methodology compared to experimental studies that make use of randomization to
reduce bias. Real-life data makes these problems more challenging because missing in-
formation appears in various settings and high-dimensional databases persist as complex
structures. Data loss creates problems for exposure and covariate measurements in real-
life settings because inaccurate data handling distorts the accuracy of causal estimation
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result. Standard statistical procedures struggle to handle two essential problems when
working with measurements consisting of many components and varied outcome types.
A custom advanced solution needs to be deployed as the challenges demand for effective
problem resolution (Herndn & Robins, 2020).

Standard causal inference methods require parametric data-generating process rules
because they fail to reproduce accurate representations of true conditions. Two distinct
situations require suitable solutions: both when data exposure information remains un-
available and when data components show non-linear complex time-dependent changes.
Data obtained from research activities proves both inadequate and tainted because para-
metric models work within exceptional data environments. The continuous research in-
terest of scientists in nonparametric methods stems from the ability of these methods
to eliminate limitations that parametric data systems contain. Kernel-based estimators
linked with matching procedures produce advanced outcomes when model specifications
fail through nonparametric methods because analysts maintain control over complex data
patterns as confirmed by Guo et al. (2020a).

Machine learning paradigms now perform nonparametric inference on extensive dynamic
datasets through adaptive multidimensional processing according to Hahn et al. 2020).
The current research develops nonparametric causal estimation methods which surpass
traditional methods according to this fundamental concept. The research presents three
independent methods to handle unobserved confounding in observational data through
flexible kernel estimators and improved matching strategies and instrumental-variable ad-
justment techniques. The new analytical methods enable researchers to study complex
data systems which appear in epidemiological and economic and social research studies.
The proposed framework establishes particular steps to handle data irregularities which
leads to better inference results when working with difficult real-world data. The model
achieves better computational scalability and precision because it uses machine learning
algorithms together with statistical modules which results in dependable performance on
extensive or intricate datasets. The methodological advancements establish a precise ana-
lytical structure for observational study causal discovery according to Hernan and Robins
(2020).

2. PROBLEM SETUP AND ASSUMPTIONS

The primary goal of causal inference in observational research requires researchers to
establish the relationship between exposure Z and outcome Y, by controlling for observed
covariates X. The observed data turn out to be represented like O = (X, R, Z,Y), where
R happens to be a binary indicator regarding whether the exposure Z happens to be
observed (R = 1) or missing (R = 0).

The mean causal impact is what we are trying to estimate:

1/JZ:E[YZ]:/E[Y|X:x,Z:z]dP(m) (1)
E

where Y? denotes the potential outcome beneath exposure Z = z.
The assumptions necessary for identifying 1z include:
2.1. Consistency:

Y =Y* when Z = z. (2)
2.2. Positivity:
Ple<P(Z=zX)<1—-¢}=1 VzeZ (3)
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2.3. Exchangeability:
Z 1 Y?|X forall z€ Z. (4)

3. MisSSING DATA MECHANISMS

When exposure Z happens to be missing, the Missing for Random (MAR) assumption
happens to be required:

P(R=1|X,Y,Z)=P(R=1X,Y) (5)

which implies, that the missingness depends only upon the observed covariates X, and
outcome Y, not upon the exposure Z.
Under the MAR assumption, the following quantities turn out to be defined:
e iu(ylz) = P(Y <y|X = z): Cumulative distribution function regarding Y given
X
e m(x,y) = P(R=1|X ==2,Y = y): Propensity score or probability regarding ob-
serving Z;
o )\ (x,y) = P(Z==z2X=uY =y,R=1): Regression regarding Z upon X and
Y, when Z happens to be observed.
The causal effect beneath MAR happens to be furthermore identified as:

=2 ©
where
. 5.00) = [ 4\ () dn (o) (7)
and '
. 100 = [ A @) duola). (8)
y

Here 3, (X) represents the product regarding the propensity score, and utcome regression,
while v, (X) represents the propensity score.

(a) (b)

FIGURE 1. The two Directed Acyclic Graphs (DAGs) depict data-
generating processes.
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Figure 1. Directed acyclic networks depicting two data-generating processes, that fulfil
the exchangeability criterion A3 (exchangeability), and A4 (positivity). Panel (a) illus-
trates a situation within which missingness (R) transpires prior to the outcome (Y'), for
like when participants fail to attend a visit during which they could have supplied treat-
ment information (Z). Panel (b) illustrates a situation within which missingness transpires
subsequent to the outcome ((Y'), exemplified through survey non-responses or data ma-
nipulation post-measurement. within both diagrams.

Both U1 and U2 function as unmeasured confounders even though U2 serves an ad-
ditional role as the potential outcome Y°. Causal inference analysis reflects from these
graphs the ways various missingness mechanisms affect the analysis.

The two Graphical Diagrams (DAGs) in Figure 1 show data processes while satisfying
two essential conditions A3 (exchangeability) and A4 (positivity). The figures show the
connections between data selection patterns (R) with variables (X, Z,Y and U1,U2). The
depicted scenarios show different data loss forms which affect the ability to conduct valid
causal inference.Panel 2.

3.1. Panel (a): Missigness Occurs prior to the Outcome (R — Z — Y). In this
scenario, the missingess indicator R happens to be determined prior to the outcome Y
happens to be observed.

This aligns alongside the Missing for Random (MAR) assumption, where the probability
regarding missing data depends only upon observed covariates (X), and not upon the
unobserved outcome (Y') or the unmeasured confounders (Uj, Us). Mathematically, the
MAR assumption can be expressed as:

P(R:”X7Z7Y7U17U2):P(R:1’X72) (9)

indicating, that R happens to be conditionally independent regarding Y given X and Z.
The causal effect 1z happens to be furthermore identified as

v, =FE[Y|X,Z=2z2]-P(X), (10)
where P (X) happens to be the distribution regarding the covariates.

3.2. Panel (b): Missingness Arises Subsequent to the the Outcome (Z - Y — R) ..
Here, the missingness indicator R happens to be influenced through the outcome Y. This
process often arises within real-world situations such like survey non-response or data cor-
ruption subsequent to the outcome has been recorded. within this case, MAR still applies
within the event, that the missingness happens to be conditionally independent regarding
the treatment (Z), and unmeasured confounders (Uy, Ua) given the observed covariantes
(X) and the outcome (Y). Mathematically:

P(R=1|X,Z,Y,U;,Us) = P(R=1| X, Z), (11)

where R depends only upon X and Y. The identification regarding v, requires modeling
the joint distribution regarding X, Z and Y while accounting for the impact regarding R.

3.3. Addressing High-Dimensionality. In high-dimensional datasets, machine learn-
ing methods can be utilised to adeptly estimate nuisance functions such like 7 (X,Y") and
p (X) . Efficient estimation within high-dimensional contexts happens to be frequently ac-
complished through the Efficient Influence Function (EIF), which addresses biases induced
through nuisance estimators.

¢, (0:P)=

+ 1 (X). (12)
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3.4. Efficient Estimation regarding Causal Effects. The causal effect can also be
estimated using weighted regression beneath MAR:

V.= | E[Y|X =2,7Z = z]dP (z). (13)
/

The efficient estimator based upon the EIF corrects for first-order biases, and happens to
be expressed as:

R-(Y —p(X))
= X)dP (x). 14
v [T e xap @) (14
This mathematical methodology guarantees reliable, and efficient estimate regarding causal
effects within observational research characterised through partially missing data, and
high-dimensional variables.

4. IDENTIFICATION AND EFFICIENCY THEORY

4.1. Efficient Influence Functions. Efficient influence functions (EIFs) play a crucial
role within deriving nonparametric efficiency bounds, and constructing estimators, that
turn out to be robust, and achieve y/n- consistency. The EIF happens to be derived
through decomposing the parameter regarding interest into components, that account
for observed, and unobserved variations within the data. Specifically, for a causal effect
parameter v, the EIF happens to be given by:

R-{Y = u(X))

¢.(0:P)= %)

+pu(X), (15)

where:
e 1(X)=FE[Y|X,Z = z] : Outcome regression model;
e 7(X)=P(R=1|X) : Propensity score for observing Z.

To expand upon this framework, functional expansion for 1, is defined to be
b (P7) = (P) = /@ (0:P7) (aP~aP) + R. (P, P), (16)

where
e ¢, (0 : P7): Adjusted EIF accounting for differences between P and P;~
e R, (?_, P): Remainder term capturing higher-order deviations within nuisance
functions.
The EIF satisfies:

1. Bias Correction: through integrating information coming from nuisance functions
(1 (X) and 7 (X)), the EIF amends first-order bias within plug-in estimators:

Y = B (X) )22 (X)  Be (X)

0:(0:F) == "%) e (X)°

(17)

where 5, (X) =7, (X)EY|X,Z = z|.
2. Efficiency Bounds: The EIF minimizes variance beneath regularity conditions,
achieving the smallest possible variance for 1, :

72 (X) ‘

var (¢, (O : P)) = var < (18)
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5. PROPOSED TECHNIQUES

5.1. Kernel-Based Estimators. 5.1.1 Kernel-based techniques offer changeable non-
parametric methods for calculating causal effects during the handling of data distribu-
tions with multiple dimensions. The estimators utilize smoothing methods to determine
nuisance functions such as X and «. This estimation approach can be stated as follows:

R-Y
=F|—— X)|. 19
Kernel-based estimators create nonparametric estimation techniques within causal infer-
ence by applying data smoothing to observable data.

1. Causal Effect Expression:

by = / 8. (X)dP (X), (20)
where
B (X) = / yA- (X, Y) dp (Y |X) (21)
and ’
A\ (X,Y)=P(Z=2X,Y). (22)

2. Kernel Estimation: for the propensity score ), (X,Y) kernel smoothing
can be applied:
~ _Z?:lKh(X*Xz)Khl{Zz:Z}

A Y = e e R - X K (v 7)) (23)

where
e Kj (+): kernel function alongside bandwidth h;
e 1{Z; = z}: indicator function for treatment level Z = z.
4. Matching Methods:
Kernel smoothing demonstrates its worth by producing accurate estimates that show
detailed patterns in extensive data sets (Athey et al. 2023). The average treatment effect
on the treated (ATT) can be expressed as:.(Athey et al. 2023).

1
DI
tier icC

, (24)

where:

e N;: number regarding treated units;
e w;;: Weights for matched control units based upon covariate similarity.

1. Mahalanobis Distance Matching: In this approach, the matching weights w_{ij}
are determined using the Mahalanobis distance, defined as

-1
dij=(Xi = X)) (Xi—X;). (25)
where > happens to be the covariance matrix regarding X.

2. Nearest Neighbor Matching: In cases where unit j represents the closest match to
unit i, the weights are specified as

1 the event, that j = argmin d;;,

0 otherwise
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The matching procedure becomes more accurate when combined with regression-based
adjustments that improve covariate balance between treatment groups and reduce the
remaining bias in effect estimates

1
ATT = — Z
Nt ieT

Y — szj (Yj +u (X)) —p (Xj))] ) (26)

ieC

where ¢ (X) happens to be the estimated outcome regression. Cui et al. (2023).

6. INSTRUMENTAL VARIABLE METHODS.

The instrumental variable (IV) approach utilizes Z as an exogenous auxiliary variable
that is correlated with the treatment variable A but remains statistically independent
of the outcome Y. This strategy effectively mitigates the problem of unobserved con-
founding. The IV framework allows for consistent LATE identification under the classical
assumptions of relevance and exclusion restriction and monotonicity.

1. Local Average Treatment Effect (LATE)

E[Y|Z=1-E[Y|Z = (]

lﬂTE:zﬂmZ:1p4ﬂmzzm’

where:
e Z: instrumental variable;
o A: treatment variable.

2. Two-Stage Least Squares (2SLS): IV estimation often uses 2SLS: A common approach
for estimating causal effects with IVs is the two-stage least squares procedure:
First stage:

A=~v+0Z+n (28)

where Z predicts A.
Second stage:

Y =a+ BA+e, (29)

where A happens to be the fitted value coming from the first stage.
3. Identification Conditions: IV methods rely on:

e Relevance: Z happens to be correlated alongside A: Cov (Z, A) # 0;
e Exclusion: Z affects Y only through A;
e Monotonicity: A% > A% for z > 2.
4. Reverse probability weighting forms part of augmented IV as a tool to address
missing data.

>ty (Yi— 1 (X0)
LATE = %“( A X (30)
> (X)) (Zi —p (X3))
where
o 7(X;) = P (R; = 1|X;): Propensity for observing Z;
e /1(X;) and 7 (X;): Regression adjustments.
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7. DyNAMIC LONGITUDINAL DATASETS

Marginal structural models (MSMs) turn out to be employed within longitudinal research
where treatments, variables, and outcomes fluctuate alongside time.
1. Stabilized Weights:
P (Zy|Zy—1, ..., Z1)

wp = . 31
T P(Zi| Zir, ..., 71, Xy) (31)

2. Causal Effect Estimation:

Yr=E[Y; - wy. (32)

3. Augmented MSM: to improve efficiency, MSMs can be augmented alongside dou-
bly robust estimators:
b= E we (Ve — p (X))
™ (X¢)
These models turn out to be powerful within handling time-dependent confounding while
ensuring consistency, and efficiency (Daniels et al., 2023).

+p(Xe)| - (33)

7.1. Estimation, and Inference. Efficient impact functions (EIFs) turn out to be piv-
otal within the development regarding efficient, and bias-corrected estimators for causal
effects. EIFs offer a method to correct for any biases within plug-in estimators while at-
taining asymptotic efficiency. The standard representation regarding an estimator for the
causal parameter 7777 using EIFs is:

N .
bo=—3 0. (0P, (34)
i=1
where )
e p(0:P)= W + 4" (X): The efficient influence function;

e 1(X)=FE[Y|X,Z = z]: Outcome regression model;

e 7(X) = P(R=1|X): Propensity score.
The effective estimators determine nuisance parameters p(X) and 7 (X) by applying
adaptable machine learning methods that include random forests or neural networks with-
out strict functional form restrictions (Van der Laan & Gruber, 2010). TMLE allows
machine learning integration inside its operational framework by incorporating bias cor-
rections systems.

n <
=1

e s~ (R {Yi—n(X)} | o
N e )] (35)

8. CONSISTENCY AND ASYMPTOTIC NORMALITY

Under minimal nonparametric assumptions, the suggested estimators Jz, z happens to
be demonstrated to be:
1. Consistent:
Vs = s,
where ¢, = F (YZ ) happens to be the true causal effect.
2. Asymptotically Normal:

Vi (s = 0:) <5 N (0,67,
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where 02 = Var (¢, (O : P)) is the asymptotic variance.

3. Double Robustness N

Double robustness ensures, that the estimator 1, remains consistent within the event,
that either the propensity score model 7 (X) or the outcome regression p (X) happens to
be correctly specified:

1, is consistent within the event, that either 7w (X) or p (X) is correctly specified.

This property provides protection against misspecification regarding one of the nuisance
functions (Kennedy & Balakrishnan, 2022).

4. Sensitivity to Misspecification

Sensitivity to misspecification arises when neither 7 (X) nor u (X) happens to be cor-
rectly specified. Techniques such like collaborative TMLE reduce ensitivity through iter-
atively updating the nuisance parameter estimates to align alongside the observed data
(Van der Laan and Hubbard, 2006).

9. COMPUTATIONAL STRATEGIES

9.1. Scalable Computational Methods. The challenge of computing exist when work-
ing with big and complex datasets requires efficient nuisance parameter estimation. Sug-
gested strategies encompass:

1. Cross-Fitting: Partition the data into folds, estimate nuisance parameters upon one
fold, and utilise these estimates to calculate the causal influence upon the other folds.

K
N . 1 1 N
& —Fit __ ..
it = g X 2 - (0 Py ) (36)

1€ Dy

where Dy, represents the k-th fold, and P p,turn out to be estimates coming from all
other folds.

2. The use of parallel computing frameworks allows the concurrent computation of
nuisance functions along with EIF's to reduce the computational burden.

3. Regularised machine learning models including LASSO and Elastic Net should be
used to estimate nuisance parameters from high-dimensional variables while maintaining
sparsity and computational speed (Chernozhukov et al., 2021).

10. SIMULATION STUDIES

10.1. Simulation Design. The assessment of new causal inference techniques occurs by
examining synthetic data based on authentic problems alongside sophisticated confounding
elements. The datasets include exposed data points with missing information along with
intricate result linking relationships.

10.2. Dataset Setup. 1. Covariates (X) : Generate X like a set regarding p covariates
(X1, X2, ..., X;) alongside correlations

X~N<0,Z),

where )" happens to be a covariance matrix alongside entries o;; = pl=3l to induce
correlation between covariates.
2. Treatment (Z): Simulate treatment assignment based upon covariates

P(Z=1]X)=log"! (b + XB), (37)
where [ represents the effect regarding X wupon Z.
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3. Outcome (Y'): Define outcomes using both direct, and indirect effects regarding Z
and X,
Y=ap+ Zay + Xax + ¢y, (38)
where ey ~ N (0,02) .
4. Missingness Indicator (R): Introduce missingness within Z using the MAR assump-
tion:
P(R=1X,2) = log™ (0 + X7x). (39)

10.3. Performance Metrics. The subsequent metrics will be employed to assess the
proposed methods:

1. Bias must be measured through the difference between estimated causal effect ¥z
and true causal effect 1),

Bias = Jz — P,
2. Variance: Compute the variability regarding JZ across simulation replications
I e 2
Variance = - z; (wéqﬂz(l) — ¢Z_) , (40)
1=

where JZ happens to be the mean estimate atop n replications.
3. Mean Squared Error (MSE) gives a combined measure of estimator accuracy by
uniting bias and variance evaluation

MSE = Bias®> + Variance.

4. Log down the execution time alongside system memory usage for all methods as they
process datasets of various sizes.

5. Coverage Probability: Assess the proportion regarding confidence intervals, that
contain the true causal effect:
Number regarding intervals containing v,

Coverage =
& Total intervals

Table 1.Performance Metrics

Method Bias Variance MSE Coverage (%) Runtimes
Proposed BIE- 1 o002 0012 95.0 1.2
Based
TMLE 0.02 0.003 0.023 94.5 1.4
Parametric (IPTW) 0.05 0.008 0.058 92.0 0.9

10.4. Analysis regarding Robustness. Robustness will be evaluated using sensitivity
studies through altering assumptions, and data conditions.

1. The stability of the estimator will be tested through modifications of Z missing data
proportions at 10% and 30% and 50% levels.

2.The performance scalability of the method will be evaluated through experiments that
use an increasing number of covariates p.

3. The evaluation of bias and variance effects from model misspecification will occur
through purposeful errors made to either the propensity score model 7 (X)) or the outcome
regression model p (X).
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Table 2.Sensitivity to Missingness

Missingess Bias (EIF- Variance (EIF- . Variance
(%) Based) Based Bias (TMLE) (TMLE)
10% 0.01 0.002 0.02 0.003
30% 0.03 0.004 0.04 0.005
50% 0.06 0.006 0.07 0.007

11. DISCUSSION

11.1. Summary regarding Contributions. This study critically examines modern non-
parametric causal inference methods as effective alternatives to overcome the inherent
limitations of parametric approaches. By integrating advanced matching strategies with
instrumental variable techniques and kernel-based estimation, these methods allow for re-
liable causal effect estimation without imposing strict distributional assumptions. Their
validity is supported through both extensive simulation experiments and applications to
high-dimensional observational data. Beyond methodological contributions, the findings
carry practical relevance across multiple domains: for example, in epidemiology, where as-
sessing relationships such as maternal body mass index and neonatal birth weight requires
robust approaches, and in economics or social sciences, where analyses often rely on incom-
plete or partially missing datasets. In such contexts, the proposed techniques demonstrate
superior performance in producing dependable causal insights. Fiscal policy assessment
and analysis of multidimensional factors and confounding variable treatment depend on
these methods within economic research domains. Simultaneously these techniques en-
able social science researchers to investigate survey responses with missing information
and discover hidden causal relationships in traditional research methods. This research
enhances both the theoretical and functional aspects of causal inference and nonparamet-
ric application methods. This research shows the methods can be used across different
implementation scenarios

11.2. Challenges and Limitations. Although the offered methods mitigate significant
limitations regarding parametric techniques, other issues persist:

e Computational Complexity:

The required pairwise distance computations result in sizable computational expenses
while needing extensive datasets when implementing Kernel-based approaches.

i Kn (X - X)) Y
p(X) = =5 :
Zi:l Ky, (X - Xz)
The Gaussian kernel functions as Kj(,) and h serves as the bandwidth. Additional research

should focus on establishing efficient computational methods which include clustering ap-
proximations as one possible example.

(41)

e Generalisation to Continuous Interventions:

When extending nonparametric methods to handle continuous treatments estimation
becomes complicated to both calculate results and interpret them. The resolution of
this problem can be achieved through spline-based approaches together with generalised
additive models.

e Absence regarding Data:



1298 TWMS J. APP. ENG. MATH. V.15, N.5, 2025

The approaches effectively manage missing data in treatment (Z) and outcome (Y") while
simultaneous handling of concurrent missingness in X and treatments remains elusive. The
application of Marginal structural models seems to offer an acceptable solution:

P(Z|Zy-1, ..., Z0)

wp = . 42
YT P(Z Zi, ..., 21, Xy) (42)

e Prospective Trajectories

To enhance the existing progress, multiple avenues for further research turn out to be
suggested:

1.The analysis of missing data requires a composite framework when covariates and
treatments and outcomes are missing at the same time. The implementation of data
imputation procedures with doubly robust estimation methods through multiple com-
plementary techniques produces results that are more reliable multifaceted missing-data

| IS (R Yi—p ()}
), = ;( e +:U’(Xz)>a (43)

where imputed values regarding X turn out to be used to compute 7 (X) and 1 (X).

2. Integration regarding Deep Learning: Integration of Deep Learning: Nonparametric
methods for analyzing large multivariable datasets become possible through deep learning
2 frameworks. Neural networks achieve scalability and efficiency through their capacity to
identify non-linear patterns in propensity score functions and outcome regression functions

7T(X) = fyn (X :0), (44)
where fyn (X :60) happens to be a neural network alongside parameters 6.
3. The practical value of these methods becomes clear when researchers apply them in
real-world settings which produce substantial research data.

12. CONCLUSION

Observational data analysis for causal relationship evaluation needs flexible nonpara-
metric methods which handle the natural complexities and irregular patterns found in
such datasets. The rigid distributional assumptions of traditional parametric models lead
to poor performance in these situations because they do not match the characteristics
of high-dimensional structures. The current framework produces robust causal estimates
through kernel-based estimators and advanced matching methods and instrumental vari-
able procedures which do not need pre-defined distributional assumptions. The practical
implementation of these methods leads to better research results when studying the re-
lationship between maternal body mass index and neonatal birth weight in studies with
missing data. The tools provide dependable methods for economic policy assessment which
handle intricate confounding variables and hidden population differences. Social scientists
use the same methodological framework to perform detailed analyses of survey data which
reveals both nonresponse and measurement bias effects. The research applies theoretical
principles to create functional solutions which boost existing methods for causal inference
research. Future work will use deep learning frameworks to enhance scalability and handle
different missing data patterns in covariates, treatments and outcomes.
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