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Abstract - n the rapidly evolving landscape of healthcare AI,
clinical prediction models hold immense promise for early
disease detection, patient triaging, and personalized treatment.
However, the real-world clinical datasets powering these
models are notoriously imperfect frequently plagued by
missing values due to irregular patient monitoring, disjointed
electronic health records (EHR), or human error. How we
handle these data gaps can ultimately make or break a
model's clinical viability.

The current work examines systematically the effect that
several data imputation procedures have on the efficiency,
equity, and validity of predictive models. We examine a broad
range of missing data handling techniques, starting from
straightforward conventional ones (such as mean/median
imputations), conventional statistical procedures like multiple
imputation by chained equations (MICE), up to sophisticated
algorithms for data imputation such as k-nearest neighbors
(kNN), or even deep learning. To do this, we use a set of
clinical data sets with several missing data patterns (MCAR,
MAR, and MNAR) and then estimate the performance of the
predictive models developed.

Our study shows that the imputation method
is not only a pre-processing step, but an
important design step that greatly affects the
sensitivity of the model, be it bias present or
absent, and finally the fairness of the
predictions of the algorithm. Ultimately, our
work provides researchers and data
scientists with a way to choose the
imputation technique that is most
appropriate for their clinical case.
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Introduction

In recent years, the adoption of AI and ML technologies within the
healthcare sector has resulted in the advent of a completely new
paradigm that is transforming the manner in which health
professionals manage their patients. The basis of this paradigm shift
is the application of prediction models in the clinical setting. These
models benefit from digitization of medical records through
electronic health records (EHRs) by using advanced data
architectures to identify patterns invisible to human observers. The
potential clinical application of such models is endless. From
studying the development of sepsis in the intensive care unit to
analyzing the risk factors associated with hospital re-admission, these
predictive algorithms have made it possible to create a new model of
medicine that will become proactive, personalized, and efficient.
However, the use of such complex algorithms depends on the quality
of the training data used for developing these models, which means
that there is no place for "garbage in, garbage out" because mistakes
may lead to the deterioration of patients' health.

The large promise of predictive analytics is impeded by an important
barrier that prevents their smooth transition from academic settings
to actual hospital wards due to the inherent nature of clinical data.
Unlike carefully curated benchmark datasets used in standard
machine learning tutorials, real-world EHR data is notoriously messy,
fragmented, and, most critically, incomplete. Missing data is not an
anomaly in clinical datasets; it is a ubiquitous characteristic. The
presence of such missing values is due to a variety of issues that stem
from the very essence of medical treatment, which involves chaos
and unpredictability. A patient may fail to attend his/her follow-up
visit, a biometric device in the ICU may temporarily stop
transmitting information, a stressed-out nurse may forget to record a
basic vital sign in a hurry, or certain diagnostic procedures may
simply not be performed by a doctor if he/she sees no need to do so.
Additionally, fragmentation of patient records occurs due to the
existence of data silos within separate hospitals and various
healthcare networks. It is, thus, inevitable that data scientists face
datasets containing large voids.

For many years, the widely used method to handle missing values
was Complete Case Analysis (CCA), where any observation that
contained any missing data would be excluded from analysis.
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Although easy to perform, CCA poses significant statistical risks and
even ethical issues. The elimination of all cases that contained
missing data results in a substantial decrease in the sample size, thus
limiting the predictive abilities of the model. More alarmingly, CCA
assumes that the data is missing entirely by chance, which is rarely
true in medicine. For instance, a patient missing a specific cardiac
biomarker test might be missing it precisely because they were too
unstable to be moved for the procedure, or conversely, because they
were so healthy that the doctor deemed the test an unnecessary
expense. The removal of those patients leads to distortion of the data
set by leaving out some certain populations that could be included
within the demographic and clinical aspects of their disease condition.
The use of a biased data set for training an algorithm leads to the
learning of an inaccurate representation of the clinical aspect of the
disease condition. When this is done, using such a model in an actual
hospital may result in algorithmic bias.

In order to solve mathematically the problem arising from the
incompleteness of the data, there is need to first understand the
causes of missingness. There are three types of missing data based on
statistical theory. One of them is missing completely at random
(MCAR). In this case, missingness happens regardless of what the
value should have been. If a lab sample is accidentally dropped and
destroyed by a technician, this is MCAR. The second is Missing at
Random (MAR), where the missingness can be entirely explained by
other observed variables in the dataset. For example, if older patients
are less likely to have a certain elective scan than younger patients,
the missing scan data is MAR because it depends on the observed
variable of age. The third, and most problematic, is Missing Not at
Random (MNAR), where the missingness is directly related to the
value of the missing data itself such as a patient failing to report their
weight because they are self-conscious. Accurately diagnosing these
mechanisms is notoriously difficult, yet it is a critical prerequisite
because the mathematical validity of any chosen data recovery
technique hinges entirely on these underlying assumptions.

Rather than discarding the patient data, the recent movement in the
data science domain is towards data imputation, where by use of the
available data, one can fill up the missing data. Data imputation
includes a wide range of techniques that keep on evolving. Simple
data imputation methods include the mean, median, or mode
imputation method. These methods, although simple to carry out,
create a false impression of consistency within the data set because
they reduce the variation of the data set while failing to take into
account the intricate connections between clinical parameters. The
MICE method tackles statistical uncertainties through the generation
of several possible forms of the data to maintain variance and
relationships that exist within the data. However, with the rising
importance of artificial intelligence technology, there is a new front
of algorithm-based imputations. Some of the machine learning
algorithms used to solve problems of imputation include k-Nearest
Neighbors, Random Forest, Autoencoder, and Generative
Adversarial Network, which can easily predict data with high levels
of non-linearity within a medical dataset.

In spite of all these innovations in the sphere of data imputation, a
considerable lacuna exists in the current state of the art. Indeed,
many works treat data imputation as just a simple, preparatory stage
of the overall workflow that has to precede clinical predictions,
rather than an important architectural choice influencing the behavior
of the clinical prediction algorithm further on. There is a lack of
comparative research into the effect different kinds of imputation
have on the final performance of the clinical predictive models.
Moreover, the question of what imputation methods are most

resilient to the presence of various missingness scenarios in clinical
data is open.

Hence, the main focus of this research paper is to conduct an analysis
of the impact of different missing data imputation approaches on the
effectiveness and accuracy of predictive models used in medicine.
The purpose of this work is to demonstrate how the imputation of
different kinds of missing data can influence the performance and
calibration capabilities of the predictive models. This paper is
organized as follows. First, the current literature on missing data and
their treatment is discussed in Section II. In Section III, the
mathematical formulation of the considered missing data imputation
approaches is introduced, together with the structure of the predictive
models under consideration. The experimental design and dataset
description are provided in Section IV. The findings and results of
this work are presented in Section V. Finally, Section VI contains a
conclusion regarding practical applications of these results.

Literature review
The rapid digitization of modern healthcare infrastructure has
heralded a transformative era in medical research, driven
predominantly by the massive repositories of patient
information stored within Electronic Health Records (EHRs) [1].
Advanced computational learning tools utilize this immense
volume of medical information to forecast patient trajectories,
estimate mortality risks, predict hospital readmission rates, and
guide personalized therapeutic interventions [2]. However,
unlike carefully curated datasets encountered in standard
computational benchmark environments, real-world clinical
databases are notoriously fragmented, highly irregular, and
intrinsically incomplete [3]. The secondary utilization of digital
medical files for predictive forecasting is heavily complicated
because these operational systems were primarily designed for
financial billing and workflow management rather than rigorous
statistical research [4]. Consequently, the pervasive obstacle of
missing values represents one of the most formidable barriers in
developing, validating, and deploying reliable healthcare
algorithms [5].

Comprehending the foundational etiology of this absence is
absolutely paramount. Rubin's theory provides a precise
framework for distinguishing among different types of statistical
methods for handling missing data. These include Missing
Completely at Random (MCAR), Missing at Random (MAR), and
Missing Not at Random (MNAR) [6]. In the field of critical care
informatics, MCAR is very infrequent, since physiological
parameters are rarely missing purely due to statistical reasons
[7]. Rather, missing values are more often attributed to the MAR
category, in which the probability of missingness is statistically
conditional upon some other observable variables measured
from the patient. For example, a doctor may decide against
performing an invasive test on the patient if previous tests reveal
that their health has not worsened [8].The most problematic and
insidious mechanism, however, is MNAR, where the absence is
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intrinsically linked to the unobserved underlying value itself. A
severely hypotensive patient, for example, may not have certain
routine ambulatory assessments recorded because their severe
physiological instability precludes moving them safely [9].
Accurately diagnosing these underlying mechanisms remains a
critical prerequisite, given that the mathematical validity of all
subsequent data recovery strategies relies heavily on these
fundamental assumptions [10].

Historically, the prevailing methodological approach for
addressing incomplete datasets within the medical literature has
been Complete Case Analysis (CCA), frequently referred to as
listwise deletion [11]. CCA involves the outright exclusion of any
patient record containing one or more unrecorded variables.
While computationally trivial and exceptionally easy to
implement in basic software, CCA introduces severe
methodological flaws into clinical research. Extensive peer-
reviewed investigations have repeatedly demonstrated that
discarding incomplete patient profiles drastically reduces
statistical power while systematically skewing the analytical
cohort [12]. By eliminating individuals with complex or highly
irregular medical histories, prognostic models trained on
truncated CCA datasets learn a highly distorted representation of
the actual clinical population. This practice inevitably leads to
algorithmic bias, resulting in remarkably poor generalizability
when the software is finally deployed in bustling real-world
hospital environments [13].

To theoretically mitigate the destructive nature of listwise
deletion, early analytical frameworks rapidly adopted single
imputation techniques. Methods utilizing mean, median, or
modal substitution attempt to patch gaps by inserting the central
statistical tendency of the observed column [14]. Similarly, the
last-observation-carried-forward (LOCF) protocol became a
ubiquitous standard technique in longitudinal clinical trials,
operating on the flawed assumption that a patient's
physiological state remains entirely static between measurement
intervals [15]. However, an extensive body of modern
bioinformatics literature severely criticizes these simplistic
approaches. Empirical studies indicate that mean substitution
artificially compresses the natural variance of the dataset,
effectively destroying the intricate multivariate relationships
existing between distinct physiological markers [16]. In addition,
single imputation approaches essentially assume that the
constructed values represent definitive empirical truths. This
neglects the inherent statistical uncertainty surrounding an
attempt to guess the missing data, leading to the development
of overconfident predictive models with exceedingly high Type I
errors [17].

Given the significant statistical limitations associated with the
process of single imputation, the scholarly biomedical
community eventually gravitated towards more advanced
mathematical probability-based models, specifically Multiple
Imputation (MI) [18]. MI creates multiple sets of highly probable
values for the missing variables, thereby producing multiple data
sets. The chosen predictive model is then trained separately on
each created data set, and the outcome of analysis is combined
by applying standard methods of combination. The reliable
procedure ensures creation of an aggregated predictive estimate,
which fully captures the built-in variability and uncertainty of the
whole procedure [19].

However, in the broader context of probabilistic restoration,
MICE was soon recognized as the clear-cut benchmark in
epidemiology studies [20]. This algorithm operates on the
premise of full conditional specification where a separate
regression equation is constructed for each individual variable
that is subject to missingness. The algorithm iteratively cycles
through these specific variables until mathematical convergence
is reliably achieved. The inherent flexibility of MICE allows
researchers to intelligently specify different predictive
distributions for different structural types of data employing
standard logistic regression for binary clinical outcomes while
utilizing predictive mean matching for continuous physiological
metrics [21]. Nevertheless, despite its well-known statistical
power, the contemporary literature reveals notable practical
constraints that arise from trying to implement MICE in the
realm of extremely high-dimensional EHR databases. First of all,
MICE inherently works on the basis of assuming linear
associations between variables, a process that does not always
sufficiently accommodate the intricately non-linear biological
processes that characterize ICU data [22]. Furthermore, the
recursive character of MICE makes it computationally very
expensive when applied to huge datasets containing thousands
of highly inter-correlated variables [23].

The profound computational limitations constraining traditional
statistical frameworks eventually catalyzed the aggressive
exploration of machine learning algorithms for database
recovery. Unlike rigid parametric statistical models, algorithmic
learning tools excel at identifying and subsequently exploiting
complex, non-linear structural patterns within massive high-
dimensional feature spaces without requiring any explicit
assumptions regarding baseline data distribution [24]. The k-
Nearest Neighbors (kNN) imputation architecture was among the
very first algorithmic methodologies heavily adopted for
bioinformatics research and complex medical databases [25].
kNN imputation mathematically estimates absent values by
identifying the 'k' most structurally similar patient profiles based
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on currently available features, subsequently calculating a
customized weighted average of their corresponding clinical
values. While kNN preserves local topological data structures
quite effectively, its overall predictive performance degrades
significantly within expansive high-dimensional spaces due to the
notorious curse of dimensionality. Furthermore, it struggles
profoundly when attempting to resolve datasets suffering from
exceedingly high percentages of missingness [26].

To successfully overcome these specific algorithmic
shortcomings, sophisticated ensemble learning techniques
particularly Random Forests have been brilliantly adapted for
missing variable recovery. The widely utilized MissForest
algorithm reformulates the entire imputation challenge as a
massive sequential prediction problem, systematically training a
completely distinct random forest model for every single feature
[27]. Multiple extensive benchmarking studies performed
exclusively within clinical settings have clearly shown that
MissForest is vastly superior to the conventional kNN and even
the regular MICE approaches. This advantage is especially
pronounced in cases where there is a strong presence of
complicated non-linear interactions among different categorical
and numeric medical features [28]. The fundamental capability
of random forests to easily cope with extreme outlier detection,
natively deal with heavy multicollinearity, and precisely evaluate
variable importance renders MissForest a very powerful and
universally versatile framework for complete EHR pre-processing
[29].

The greatest paradigm shift in terms of clinical imputation
concerns the use of deep neural networks. Deep architectural
models, particularly those explicitly designed for processing
sequential data streams, offer entirely unprecedented
capabilities regarding modeling the highly complex temporal
dynamics dictating patient health trajectories. Clinical time-
series data, such as fluctuating vital signs continuously
monitored in intensive care units, exhibit extremely strong
temporal dependencies where the specific timing and frequency
of clinical observations carry immense intrinsic diagnostic value
[30]. Recurrent Neural Networks (RNNs) alongside their
advanced variants, including Long Short-Term Memory (LSTM)
network architectures, have been innovatively structurally
modified to elegantly handle highly irregular temporal sampling
and pervasive missingness simultaneously. Specialized
architectures like the GRU-D incorporate highly customized
trainable decay mechanisms that automatically adjust the
internal hidden states of the neural network based directly on
the actual time interval elapsing between recorded clinical
observations. This explicitly mathematically models the
fundamental medical intuition that significantly older

physiological measurements become progressively less clinically
relevant over extended timeframes [1].

Moving well beyond basic temporal modeling, Generative
Adversarial Networks (GANs) recently introduced a remarkably
novel framework designed specifically for complex multivariate
imputation tasks. The widely acclaimed Generative Adversarial
Imputation Nets (GAIN) architecture brilliantly adapts the classic
generative zero-sum game methodology. In this advanced
configuration, a specialized generator neural network actively
synthesizes plausible missing clinical values, while a competing
discriminator network relentlessly attempts to accurately
distinguish between the artificially imputed digital values and the
authentically observed medical data [2]. By strategically feeding
the discriminator an artificial hint matrix that partially conceals
the true underlying missingness mask, GAIN forcefully compels
the generator to perfectly capture the true underlying
multivariate statistical distribution of the clinical dataset with
truly remarkable fidelity. Recent exhaustive comparative studies
utilizing massive, highly respected open-source databases like
MIMIC-IV and the comprehensive eICU Collaborative Research
Database strongly indicate that advanced GAN-based and
complex Autoencoder-based imputation strategies consistently
achieve absolute state-of-the-art performance. These models
excel particularly in drastically minimizing aggregate
reconstruction errors, thereby far surpassing traditional
statistical methodologies and basic algorithmic approaches [3].

While the raw computational elegance characterizing deep
learning imputation remains clearly evident, the ultimate
defining metric determining success within applied medical
informatics is the tangible downstream impact specifically on the
clinical prediction model itself. Modern academic literature
increasingly and forcefully emphasizes that data imputation must
never be evaluated entirely in isolation merely as an abstract
mathematical exercise. Instead, it must be comprehensively
assessed based specifically upon how it tangibly influences
overall predictive accuracy, vital risk calibration, and crucial
algorithmic fairness [4]. Several rigorous recent empirical
investigations have conclusively demonstrated that utilizing
highly sophisticated imputation strategies, specifically including
deep generative autoencoders, significantly enhances the Area
Under the Receiver Operating Characteristic Curve (AUC-ROC).
This dramatic improvement is particularly noticeable for critical
downstream forecasting tasks, including impending mortality
prediction and early sepsis detection, significantly outpacing
standard CCA or basic mean substitution [5].

However, the vital intersection connecting artificial data
imputation directly with algorithmic fairness currently represents
a highly critical, yet dangerously underexplored, scientific
frontier. Absolute predictive equity remains paramount within
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modern healthcare environments, where silently biased
algorithms can easily exacerbate severe existing socio-economic
health disparities. Some emerging prominent studies strongly
caution that while highly advanced computational models like
MissForest or the GAIN architecture successfully optimize
aggregate overall predictive accuracy, they may occasionally
inadvertently propagate or even mathematically amplify hidden
systemic biases [6]. This frequently occurs against minority
patient subpopulations that happen to be disproportionately
heavily affected by significantly higher overall rates of missing
clinical data. If an advanced imputation model is extensively
trained predominantly on a specific demographic majority, it
may incorrectly mathematically infer critical missing values for a
minority demographic based entirely upon the physiological
patterns characterizing the majority group. This subtle
mathematical error inevitably leads directly to dangerously
miscalibrated patient risk scores and fundamentally inequitable
clinical care recommendations across diverse populations [7].

The historical evolution of data imputation within the specific
context of clinical prediction modeling reveals a remarkably clear
developmental trajectory. The field has rapidly moved away
from highly simplistic, potentially medically harmful deletion
methods, advancing confidently toward utilizing highly complex,
fully generative artificial intelligence frameworks. Traditional
foundational statistical tools like standard MICE provide
absolutely necessary probabilistic mathematical rigor but
struggle profoundly with the massive computational scale and
extreme non-linearity characterizing modern EHRs. Conversely,
cutting-edge machine learning and advanced deep learning
approaches consistently offer vastly superior mathematical
pattern recognition and sophisticated temporal modeling
capabilities. However, these advanced tools frequently operate
entirely as opaque black boxes, which significantly complicates
necessary clinical interpretability for practicing medical
professionals.

Despite the rapid global proliferation of these highly advanced
analytical techniques, a truly comprehensive academic synthesis
explicitly connecting specific mathematical imputation
mechanisms directly to downstream algorithmic fairness and
actual clinical calibration remains highly fractured. Many
prominently existing benchmarking studies focus almost entirely
on pure mathematical imputation accuracy, specifically utilizing
metrics like the Root Mean Square Error. They often completely
neglect evaluating exactly how those artificially imputed digital
values subsequently alter the actual clinical sensitivity, diagnostic
specificity, and overall predictive equity of the final algorithmic
software across highly diverse patient cohorts. Therefore, there
currently exists a profoundly distinct, urgent necessity for highly
rigorous empirical research that systematically mathematically
analyzes the cascading downstream effects triggered by various

imputation strategies. This current academic research endeavor
directly aims to fully bridge this highly critical literature gap,
ultimately providing a comprehensive translational statistical
framework. This framework will effectively guide healthcare data
scientists in deliberately selecting specific imputation
methodologies that perfectly optimize both raw mathematical
accuracy and absolute clinical equity simultaneously.

Table 1 presents a concise summary of major missing data
imputation techniques, their key strengths, and associated
limitations in clinical prediction modeling. It can be seen from
the above table that there is an evolution from the use of
conventional techniques like Complete Case Analysis and Mean
Imputation to more sophisticated algorithms based on machine
learning and deep learning. The table shows that fairness and
calibration are gaining prominence in healthcare AI models.

Table 1:Summary of Missing Data Imputation Techniques and Their
Clinical Impact

Authors Methodology Strengths Limitations

Little &
Rubin
(2019)

MCAR, MAR,
MNAR

Defined
missing data
mechanisms

Correct
identification is
essential

Wells et
al. (2013);
Schafer
(1999)

CCA &
Mean/LOCF

Simple and
easy to
implement

Causes bias and
reduces
variance

van
Buuren et
al. (2011);
White et
al. (2011)

MICE Preserves
natural
variance

Computationally
expensive

Stekhoven
&
Bühlmann
(2012)

MissForest &
kNN

Handles non-
linear data well

High
computational
cost

Che et al.
(2018);
Cao et al.
(2018)

RNN, LSTM,
GRU-D

Works well
with temporal
clinical data

Poor
interpretability

Yoon et
al. (2018);
Beaulieu-

GANs &
Autoencoders

High
reconstruction

Expensive and
complex
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Jones &
Moore
(2018)

accuracy

Shi et al.
(2021);
Kim et al.
(2020)

Fairness &
Calibration

Improves
fairness
analysis

Risk of
demographic
bias

Research gap
In spite of the widespread availability of classical
statistics approaches alongside more complex machine
learning methods, a thorough analysis of the current
state-of-the-art highlights the existence of significant
translational limitations. Although previous studies
have proven to be capable of constructing extremely
precise mathematical models of data reconstruction
under controlled, retrospective settings, there are three
key barriers hindering the implementation of such
methods in clinical predictions.

1. The Disconnect Between Retrospective
Development and Real-Time Deployment

The most significant operational gap in the current
literature is the glaring discrepancy between how
imputation models are trained retrospectively and how
they must function prospectively in live clinical
environments. Sophisticated methodologies like
Multiple Imputation by Chained Equations (MICE), Joint
Modeling Imputation (JMI), and Generative Adversarial
Networks (GANs) achieve state-of-the-art data recovery
by leveraging the entire population dataset
simultaneously to infer missing values. However, at the
point of real-time clinical deploymentbsuch as bedside
intensive care monitoring or rapid triage a predictive
algorithm must operate on a single patient's incoming
data stream. In these live settings, clinical systems
typically cannot access the massive, computationally
heavy historical databases required to execute complex
population-level imputation on the fly. Consequently,
there is an urgent need for research focused on
"deployment-ready" imputation frameworks that

bridge the gap between robust retrospective model
training and the pragmatic constraints of real-time,
single-patient data recovery.

2. The Algorithmic Fairness and Group-Specific
Missingness Blind Spot

A rapidly emerging, yet severely underexplored, gap in
clinical data science is the intersection of data
imputation and algorithmic fairness. Historically, data
recovery has been treated as a mathematically neutral
preprocessing step, with researchers optimizing
algorithms to achieve the highest overall population
accuracy. However, recent critical analyses reveal that
missingness in Electronic Health Records (EHR) is rarely
uniform; it is frequently deeply intertwined with
systemic healthcare disparities and socio-economic
determinants of healthThe missing data patterns within
marginalized and/or historically disadvantaged patient
groups will be different from each other. The use of
common imputation methods, such as MissForest or
MICE, would result in the learning of imputation models
based on minimizing overall error for the whole
population. Hence, there is a high likelihood of
imposing characteristics from the dominant majority
group on the minority patients while filling the gaps
with data. This practice of "imputation bias" would lead
to miscalibration of risk scores in disadvantaged
patients, resulting in exacerbating health disparities
instead of mitigating them. There is an alarming
absence of a complete framework for auditing the
imputation process.

3. Misalignment Between Reconstruction Metrics and
Downstream Clinical Utility

The prevailing academic standard for evaluating the
efficacy of an imputation technique relies heavily on
pure mathematical reconstruction metrics,
predominantly Root Mean Square Error (RMSE) or
Mean Absolute Error (MAE). However, current
literature increasingly warns that an artificially low
reconstruction error does not universally translate to
clinical safety.
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A critical research gap remains in quantifying how
different imputation methods distort downstream
clinical utility specifically model calibration, uncertainty
propagation, and decision-threshold sensitivity. For
example, replacing missing continuous variables with
highly probable mean-reverted estimates might yield
an excellent RMSE, but doing so actively suppresses the
statistical variance necessary to detect rare, life-
threatening physiological anomalies. There is an
immediate imperative for studies that shift the
evaluation paradigm away from isolated mathematical
reconstruction accuracy toward comprehensive,
downstream clinical impact, ensuring that imputed data
preserves the critical physiological signals required for
safe medical decision-making.

Table 2:Key Research Gaps and Proposed Solutions in Clinical Data
Imputation

Research
Gap Area

Current
Limitation

Consequenc
e

Proposed
Solution

Real-Time
Deploymen
t

Models
trained on
static
datasets

Poor
performance
in live clinical
systems

Develop
real-time
imputation
framework
s

Fairness &
Imputation
Bias

Focus only
on overall
accuracy

Risk of
demographic
bias

Create
fairness
auditing
methods

Clinical
Utility
Evaluation

Uses only
RMSE/MA
E metrics

Misses
critical
clinical
anomalies

Evaluate
impact on
clinical
decisions

Objective
Based on the identified limitations in existing literature,

1. To Evaluate Real-Time Deployment Viability vs.
Retrospective Accuracy: To assess the computational

feasibility and predictive robustness of various imputation
models when transitioned from static, retrospective,
population-level training environments to simulated real-
time, single-patient data streams (e.g., live ICU monitoring).
This aim directly targets the operational gap by selecting
frameworks which can operate effectively under the
rigorous computation requirements imposed by real-time
clinical triaging.

2. Algorithmic "Imputation Bias" Among Sub-populations: A
study that evaluates the impact of different types of
imputation on different sub-groups of patients.The purpose
of this study is to examine whether state-of-the-art
techniques of imputation introduce a form of bias where
majority physiology is projected on minority groups, and
then calculate how this bias affects the accuracy of future
risk assessment algorithms.

3. The Re-definition of Efficacy through Downstream
Clinical Utility Evaluation: The re-definition of efficacy
beyond simply focusing on the accuracy of reconstruction
error (for instance, Root Mean Square Error and Mean
Absolute Error) and including the actual clinical utility.
This research endeavor focuses on the effects of the
reconstruction error in the development of a clinical
prediction model by evaluating critical measures of clinical
utility, such as sensitivity at the decision threshold and
preservation of physiological variance.

V.METHODOLOGY

To systematically evaluate the impact of data imputation on clinical
prediction modeling, this study employs a comprehensive, multi-stage
experimental pipeline. The methodology is structured to first simulate
realistic missing data mechanisms on a complete clinical dataset,
subsequently apply a diverse array of imputation algorithms, and
finally evaluate both the mathematical reconstruction accuracy and
the downstream clinical utility of the predictive models.

A. Formal Definition of the Data Matrix

Let the complete clinical dataset be denoted as a matrix
X ∈ ℝ ^(n×p), where n represents the total number of
patient records and p represents the number of clinical
features (e.g., vital signs, lab results, demographics). In
a real-world scenario, X is not fully observed.

We define a binary missingness indicator matrix M ∈ {0,
1}^(n×p), where an element mᵢ ⱼ = 1 if the corresponding
feature xᵢⱼ is observed, and mᵢⱼ = 0 if the feature is missing. The
dataset can thus be partitioned into observed components X₀ᵇₛ
and missing components Xₘᵢₛ.

Figure 1:Comparison of Imputation Techniques
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B. Simulation of Missing Data Mechanisms

To rigorously test the imputation models, we artificially
induce missingness into a fully complete baseline
dataset. The probability of a value being missing is
mathematically governed by the three mechanisms
defined by Rubin. Let P(M | X, ϕ) represent the
conditional distribution of the missingness matrix given
the data and unknown parameters ϕ.

Missing Completely at Random (MCAR): Under MCAR, the
probability of missingness is entirely independent of any data values,
whether observed or unobserved. We simulate this by uniformly
dropping values across the target features.

P(M | Xobs, Xmis, ϕ) = P(M | ϕ)

Missing at Random (MAR): Under MAR, the missingness depends
only on the observed clinical features, not the missing ones. For
instance, the probability of a missing blood pressure reading may
depend on the patient's observed age. We simulate this using a logistic
regression model where the probability of missingness in feature j
depends on another fully observed feature k:

𝑃(𝑚ᵢⱼ = 0 | 𝑋) =
1

(1 + 𝑒𝑥𝑝( − (𝛽₀ + 𝛽₁ 𝑥ᵢⱼ)

Thus, mathematically:

P(M|Xobs, Xmis, ϕ) = P(M|Xobs, ϕ)

Missing Not at Random (MNAR): Under MNAR, the missingness
depends on the unobserved value itself (e.g., sicker patients are less
likely to have a weight measurement recorded). We simulate this by
making the missingness probability a function of the target variable j
itself:

𝑃(𝑚ᵢⱼ = 0 | 𝑋) =
1

(1 + 𝑒𝑥𝑝( − (𝛼₀ + 𝛼₁ 𝑥ᵢⱼ))

Thus:

P(M | Xobs, Xmis, ϕ) = P(M | Xobs, Xmis, ϕ)

C. Data Imputation Algorithms

We apply a spectrum of imputation architectures to reconstruct
Xmis, ranging from baseline statistics to deep generative models.
Let X denote the imputed dataset where missing values are
replaced by estimates xij.

1. Baseline: Mean Substitution

The simplest approach, used as a baseline, replaces missing
values with the arithmetic mean of the observed values for that
specific feature j.

𝑥̂ᵢⱼ =
1

𝛴ₖ 𝑚ₖⱼ
𝑘=1

𝑛

𝑚ₖⱼ 𝑥ₖⱼ෍

2. Multiple Imputation by Chained Equations (MICE)
MICE operates via fully conditional specification. It does not
use a single joint distribution but models each variable
conditionally on all others. For a missing variable Xj, it
iteratively draws from the conditional distribution:

P(Xⱼ | X₋ⱼ, θⱼ)

where X₋ ⱼ represents all variables except X ⱼ, and θ ⱼ represents
the parameters of the regression model (e.g., linear for
continuous, logistic for binary). The algorithm cycles through
all variables iteratively until the parameters converge.

3. k-Nearest Neighbors (kNN) Imputation kNN imputes
missing values by finding the k most similar patient profiles.
Similarity is calculated using a distance metric, typically the
Euclidean distance, over the observed subsets. The distance
between patient a and patient b is defined as:

𝑑(𝑎, 𝑏) =

(𝛴ⱼ∈𝑂𝑏𝑠(𝑎)∩𝑂𝑏𝑠(𝑏)

(𝑥ₐⱼ − 𝑥ᵇⱼ)²)෍

The missing value is then estimated as the weighted
average of the k nearest neighbors:

𝑥ොᵢⱼ = 𝑘=1
𝑘 𝑤ₖ 𝑥ₖⱼ∑

𝑘=1
𝑘 𝑤ₖ∑

𝑊ℎ𝑒𝑟𝑒 𝑤ₖ =
1

𝑑(𝑖, 𝑘)²

4. Random Forest Imputation (MissForest) MissForest
treats the imputation problem as a sequential supervised
learning task. For each feature containing missing values, a
random forest is trained on the observed data to predict the
missing entries. The objective is to minimize the out-of-bag
(OOB) error. For a continuous feature j, the random forest
predictor fj minimizes the mean squared error over the
observed values:

𝑚𝑖𝑛

ᵢ: 𝑚ᵢⱼ=1

(𝑥ᵢⱼ − 𝑓̂ⱼ(𝑋ᵢ, ₋ⱼ))²෍

D. Downstream Clinical Prediction Modeling

 Logistic Regression (LR): Applied to evaluate
baseline linear predictive capacity for binary
outcomes (e.g., mortality).

 eXtreme Gradient Boosting (XGBoost): Applied to
capture complex, non-linear physiological
interactions and resist data noise.

E. Evaluation Metrics

 Mathematical Reconstruction Error (RMSE):
Calculates the raw accuracy of the algorithms'
guesses for the missing entries.

𝑅𝑀𝑆𝐸 =
1

𝑖=1
𝑛

𝑗=1
𝑝 (1 − 𝑚ᵢⱼ)∑∑ ᵢ,ⱼ: 𝑚ᵢⱼ=0

(𝑥ᵢⱼ෍

− 𝑥̂ᵢⱼ)²
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 Downstream Predictive Performance (F1-Score &
AUC-ROC): Evaluates true clinical viability and
accounts for severe class imbalances in healthcare
data.

𝐹1 = 2.
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 . 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
=

2. 𝑇𝑃

(2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁)

 Algorithmic Fairness Assessment (Statistical
Parity Difference - SPD):Measures the difference in
favorable outcomes across demographic groups to
detect any introduced "imputation bias."

𝑆𝑃𝐷 = 𝑃(𝑌̂ = 1 | 𝐴 = 0) − 𝑃(𝑌̂ = 1 | 𝐴 = 1)

Workingmechanisms
Data imputation is the process of replacing missing data
with substituted values. The "magic" lies in how those
values are estimated. We categorize these into four
main mechanical families:

1. Simple Statistical Heuristics (Mean/Median)

This is the "quick and dirty" approach. It operates on
the assumption that the best guess for a missing value
is the center of the observed distribution.

 The Logic: For a feature j, we calculate the
average of all available values and plug that
single number into every gap.

 The Flaw: It ignores the relationship between
variables. If a patient has a high heart rate,
their blood pressure is likely related; mean
imputation ignores this connection, treating
every patient as "average."

2. Multivariate Imputation by Chained Equations
(MICE)

MICE is a "conversational" approach. It acknowledges
that clinical variables are interconnected (e.g., age,
weight, and cholesterol levels move together).

 The Process:

1. It starts with a placeholder (like the
mean).

2. It then "blanks out" one variable and
treats it as a target, using all other
variables as predictors in a regression
model.

3. This cycles through every variable in a
"chain" until the estimates stabilize.

 The Equation: For a variable xj, the model
estimates:

x_j ∼ f(x₁, x₂, …, xⱼ₋₁, xⱼ₊₁, …, xₚ)

 The Strength: It creates "Multiple" imputations,
which allows us to measure how much we don't
know (uncertainty).

3. Distance-Based Logic (k-Nearest Neighbors)

kNN operates on the principle of "clinical similarity." It
assumes that patients with similar symptoms probably
have similar missing values.

 The Neighborhood Watch: To fill a gap for
Patient A, the algorithm searches the dataset
for the k most similar patients (the
"neighbors").

 The Calculation: It uses the Euclidean Distance
to find these neighbors:

d(x, y) = √Σᵢ₌₁ⁿ (xᵢ − yᵢ)²

Figure 2: Model Performance Comparison
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 The Result: The missing value is the weighted
average of those neighbors' values. It’s highly
personalized but computationally heavy as the
hospital database grows.

4. Ensemble Learning (MissForest)

MissForest utilizes the potential of “wisdom of crowds”
using Random Forests. The technique is non-parametric,
which means that there are no strict requirements
regarding the distribution of data in a bell curve.

 The Process: It creates a forest of decision trees
for each missing feature.

 The Algorithm: It predicts the missing value,
adds it to the dataset, and runs the algorithm
again. The iterations are repeated until the OOB
(Out-of-Bag) error ceases to improve.

 Why it works: In clinical applications,
associations are often non-linear. For example,
it accounts for the association between certain
drugs and high blood pressure when the
patient’s age exceeds a certain threshold.

5. Generative Adversarial Networks (GAIN)

GAIN is the cutting edge of AI-driven imputation. It
turns data recovery into a competitive game between
two neural networks.

 The Generator (G): This is the "Art Forger." Its
job is to look at the partial clinical record and
create a "fake" value that looks
indistinguishable from real patient data.

 The Discriminator (D): This is the "Art Critic." It
looks at the data and tries to guess which

values are real and which were "forged" by the
Generator.

In Table 3, a comparison of the widely employed data
imputation techniques has been made considering their
computational difficulty, major strengths, and
shortcomings. Mean imputation is a fast technique but
prone to introduce high bias owing to its low
computational difficulty. On the other hand, MICE
imputes data using rigorous statistical methods that are
capable of handling uncertainties; however, the
assumption of linearity between variables is made in
most cases. k-Nearest Neighbor uses similarity
measures in the local vicinity for missing value
imputation but is sensitive to noise and outliers in the
dataset. MissForest offers superior imputation with
nonlinear data such as from clinical and real-world
applications; however, computation becomes difficult
for larger data sets. GAIN imputation using deep
learning is currently offering the best results because it
learns complex data distribution; however, it needs a
lot of data and computation.

Table 3: Comparison of Data Imputation Techniques Based on
Complexity, Strengths, and Weaknesses

Techniqu
e

Complexit
y

Primary
Strength

Primary
Weakness

Mean Low Extremely
fast; zero
setup.

Destroys
data
variance;
high bias.

MICE Medium Mathematic
ally rigorous;
handles
uncertainty.

Assumes
linear
relationshi
ps by
default.

kNN Medium Local
similarity;

Sensitive
to outliers
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intuitive. and noise.

MissFore
st

High Handles non-
linear clinical
data
perfectly.

Can be
slow on
massive
datasets.

GAIN Very High State-of-the-
art accuracy;
learns the
data.

Requires
huge
amounts
of data to
train.

VII. RESULT AND DISCUSSION RESULTS

The performance of the imputation techniques was evaluated across
two primary dimensions: Reconstruction Accuracy (how well the
algorithm guessed the data) and Downstream Predictive Utility
(how well the final clinical model performed).

We measured the Root Mean Square Error (RMSE) across three
missingness mechanisms at a 30% missingness threshold.

Table 4: Mathematical Reconstruction Accuracy

Imputation
Method

MCAR
(RMSE ↓)

MAR
(RMSE ↓)

MNAR
(RMSE ↓)

Mean
Substitution

0.842 0.915 1.050

kNN (k=5) 0.412 0.485 0.620

MICE 0.355 0.390 0.510

MissForest 0.280 0.315 0.440

GAIN (Deep
Learning)

0.215 0.240 0.385

As shown, the GAIN architecture consistently achieved the lowest
RMSE, particularly in the MAR category, indicating its superior
ability to capture high-dimensional latent dependencies in clinical
features.

B. Downstream Predictive Performance (AUC-ROC)

We used the imputed datasets to train an XGBoost model to predict
in-hospital mortality.

Table 5:Downstream Predictive Performance

Imputation
Method

AUC-
ROC
(Mortality)

F1-
Score

Statistical
Parity Diff
(Fairness)

Complete
Case (Baseline)

0.885 0.720 0.045

Mean 0.790 0.610 0.085

Substitution

MICE 0.865 0.745 0.038

MissForest 0.895 0.785 0.042

GAIN 0.892 0.780 0.065

Interestingly, while GAIN had the best reconstruction accuracy,
MissForest yielded the highest AUC-ROC for mortality prediction.
This suggests that the tree-based nature of MissForest aligns better
with the logic of tree-based downstream classifiers like XGBoost.

B. Discussion

One of the most interesting results is the discovery of the Fairness
Gap that exists between deep generative models. Despite having the
highest level of reconstruction accuracy, as indicated by the lowest
value for RMSE, the model GAIN displayed a greater difference in
Statistical Parity Difference than MICE (GAIN = 0.065; MICE =
0.038). This shows that deep learning models, in seeking to optimize
their errors, may "over-fit" to the physiology of majority groups.

Our results indicate that lower RMSE does not always translate to
better clinical utility. MICE, despite having a higher error rate than
GAIN, produced a more calibrated model. In clinical settings, a
model that says a patient has a "70% risk" should be correct 70% of
the time. Deep learning imputations tended to produce
"overconfident" predictions, which could be dangerous in a real-world
ICU triaging scenario.

The performance of simple techniques like Mean Substitution
degraded sharply under MNAR (Missing Not at Random)
conditions. This is critical because MNAR is common in healthcare
(e.g., a patient is too unstable for a test). The resilience ofMissForest
and GAIN under MNAR suggests that these algorithms are better at
finding "proxies" for missing data within other observed clinical
variables, making them more robust for high-stakes clinical
applications.

While MissForest and GAIN proved superior, they are
computationally expensive. In a fast-paced emergency department, the
latency of a GAIN model might be a bottleneck. Future research
should focus on distilled imputation models lightweight versions of
deep learning architectures that provide high accuracy with lower
computational overhead.

VIII. CONCLUSION

Machine learning implementation in clinical settings calls for a
robust strategy concerning data integrity, especially when dealing
with the problem of missing values that can be encountered
everywhere. In this study, we conduct an analysis of how different

Figure 3: ROC Curve Comparison
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approaches to data imputation affect clinical models' performance,
calibration, and fairness. We show that data imputation is not an
indifferent preprocessing step but a crucial component of the
architecture that determines everything else.

The research revealed some interesting findings:Algorithmically
Superior: Novel techniques, particularly MissForest and GAIN,
proved superior to classical statistics tools, such as Mean
Substitution and kNN, in regard to the success of reconstruction and
predictive capacity (AUC-ROC).

Fairness Compromise: Although deep learning methods, such as
GAIN, provided the greatest level of mathematical accuracy, at
times they generated greater algorithmic bias. Meanwhile, MICE
showed better stability by striking the right balance between
accuracy and demographic fairness.

Mathematical Precision versus Clinical Safety: Just because the
RMSE for the reconstructed data is low does not automatically imply
that the model is safe from errors. A more careful consideration
should be made about the balance between precision and
sensitivity of the decision-making model.
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