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Abstract

Health informatics systems continuously generate enormous volumes of patient-related information from
hospitals, diagnostic laboratories, wearable devices, electronic health records (EHRs), medical imaging
systems, and clinical monitoring platforms. However, these datasets frequently contain missing values
resulting from incomplete patient records, sensor failures, human errors, inconsistent documentation,
communication failures, and data integration issues. Missing data significantly degrades the performance
of predictive analytics, disease diagnosis models, clinical decision support systems, and healthcare
management applications. Therefore, selecting appropriate data imputation techniques has become an
essential preprocessing step for improving the quality and reliability of healthcare analytics. This paper
presents a comprehensive comparison of data imputation techniques for handling missing data in health
informatics. The proposed framework evaluates commonly used statistical, machine learning, and deep
learning-based imputation methods, including Mean Imputation, K-Nearest Neighbor (KNN), Multiple
Imputation by Chained Equations (MICE), Random Forest Imputation, and Autoencoder-Based Deep
Learning Imputation. Performance evaluation is conducted using healthcare datasets containing patient
demographics, laboratory reports, physiological measurements, and clinical records with artificially
introduced missing values. Comparative analysis is performed using imputation accuracy, Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), and computational efficiency. Experimental results
demonstrate that deep learning-based imputation methods provide superior reconstruction accuracy
and preserve underlying data distributions more effectively than traditional statistical approaches. The
proposed comparative framework assists healthcare researchers and practitioners in selecting suitable
imputation techniques for improving predictive model performance and clinical decision-making in
health informatics applications.

Introduction

TThe rapid digitalization of healthcare
has resulted in the widespread adoption
of FElectronic Health Records, wearable
medical devices, telemedicine platforms,
laboratory information systems, and hospital
management software. These technologies
continuously generate large-scale healthcare
datasets that support disease diagnosis,
patient monitoring, medical research, and
healthcare policy planning. The effectiveness
of healthcare analytics depends heavily on the
quality and completeness of collected data.

Despite significant technological
advancements, missing data remains one
of the most common challenges in health
informatics. Clinical datasets often contain
incomplete records due to patient non-
compliance, equipment malfunctions, manual
documentation errors, irregular follow-up
visits, sensor failures, and data transmission
interruptions. Missing information reduces
statistical power, introduces analytical bias,

decreases predictive accuracy, and limits the
effectiveness of machine learning models used
for disease prediction and clinical decision
support.

Traditional approaches for handling missing
values include deletion methods and simple
statistical imputation techniques such as mean,
median, and mode substitution. Although
computationally efficient, these methods
frequently distort data distributions and fail
to preserve complex relationships among
clinical variables. Recent developments in
machine learning and deep learning have
introduced advanced imputation algorithms
capable of reconstructing missing values using
nonlinear feature relationships and latent data
representations.

The proposed study provides acomprehensive
comparison of multiple data imputation
techniques using representative healthcare
datasets. By evaluating statistical, machine
learning, and deep learning approaches under
identical experimental conditions, the research

Citation: Repakula S, Sannella P, Rachel R. Comparison of Data Imputation Techniques in Handling Missing

Data for Health Informatics. GJEIIR. 2026;6(4):226.

Page 1 of 5



Repakula Santhoshi, et al. Global Journal of Engineering Innovations and Interdisciplinary Research. 2026;6(3):226

identifies the most suitable imputation strategies for improving
healthcare data quality and supporting reliable medical analytics.

Problem Statement

Healthcare datasets frequently contain missing values arising
from incomplete patient records, equipment failures, irregular
clinical observations, and data collection inconsistencies.
Conventional missing-value handling techniques often reduce
dataset quality or introduce analytical bias, resulting in decreased
predictive performance and unreliable clinical decision-making.
Therefore, there is a need for a comprehensive evaluation of
different data imputation techniques to determine the most
effective approach for handling missing healthcare data.

Objective

The primary objective of this research is to compare statistical,
machine learning, and deep learning-based data imputation
techniques for handling missing values in healthcare datasets.
The study aims to evaluate imputation accuracy, reconstruction
quality, computational efficiency, and predictive performance
to identify the most suitable technique for health informatics
applications.

Scope

This research focuses on missing data handling in structured
healthcare datasets containing patient demographics, laboratory
measurements, physiological observations, and clinical records.
The comparison includes Mean Imputation, K-Nearest Neighbor
Imputation, Multiple Imputation by Chained Equations (MICE),
Random Forest Imputation, and Autoencoder-Based Deep
Learning Imputation. Time-series imputation, medical image
reconstruction, and natural language processing-based clinical
text imputation are outside the scope of this investigation.

Literature Survey

Handling missing data has long been recognized as a critical
challenge in statistical analysis, biomedical research, and health
informatics. Early approaches primarily relied on deletion
techniques such as listwise deletion and pairwise deletion,
where incomplete observations were removed from the dataset
before analysis. Although these methods simplified statistical
computations, they often reduced sample size and introduced
substantial bias when missing values occurred frequently.

To overcome these limitations, statistical imputation
techniques such as mean, median, and regression imputation
were introduced. These approaches replaced missing values
using statistical estimates derived from observed data. While
computationally simple, statistical methods frequently
underestimated data variability and failed to preserve complex
relationships among healthcare variables.

Machine learning techniques significantly improved missing
data estimation by exploiting nonlinear relationships between
clinical attributes. Algorithms such as K-Nearest Neighbor
Imputation and Random Forest Imputation demonstrated
improved reconstruction accuracy by identifying similar patient
records and learning complex feature interactions. Multiple
Imputation by Chained Equations further enhanced statistical
validity by generating multiple plausible estimates while
accounting for uncertainty associated with missing observations.

Recent advances in deep learning have enabled the
development of Autoencoder-Based Imputation models capable
of learning latent feature representations from incomplete
healthcare datasets. Autoencoders reconstruct missing values
through compressed representations that preserve complex
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nonlinear dependencies among medical variables. These
methods have demonstrated superior performance in large-scale
health informatics applications involving heterogeneous patient
records and high-dimensional clinical datasets.

Despite these significant advancements, selecting an
appropriate imputation technique remains challenging because
performance varies according to missing data mechanisms,
dataset characteristics, computational complexity, and
healthcare application requirements. These challenges motivate
a systematic comparative evaluation of statistical, machine
learning, and deep learning-based imputation techniques to
identify optimal strategies for handling missing healthcare data.

Methodology

TThe proposed comparative framework evaluates multiple
data imputation techniques for handling missing values in
structured healthcare datasets. The framework systematically
compares statistical, machine learning, and deep learning-
based imputation methods using identical preprocessing
procedures, evaluation metrics, and experimental conditions to
ensure a fair performance assessment. The selected imputation
techniques include Mean Imputation, K-Nearest Neighbor
(KNN) Imputation, Multiple Imputation by Chained Equations
(MICE), Random Forest Imputation, and Autoencoder-Based
Deep Learning Imputation.

Initially, healthcare datasets containing patient demographics,
laboratory measurements, physiological observations, and
clinical records are collected from electronic health record
repositories. The collected datasets undergo preprocessing
operations including duplicate record removal, missing
value identification, outlier detection, feature normalization,
categorical encoding, and data standardization. Artificial
missing values are introduced at different missing rates to
simulate realistic healthcare data incompleteness under
controlled experimental settings.

Each imputation technique independently reconstructs the
missing values using its respective computational methodology.
Mean Imputation replaces missing entries using the arithmetic
mean of observed values. KNN Imputation estimates missing
values using neighboring patient records exhibiting similar
clinical characteristics. MICE performs multiple regression-
based imputations through iterative chained equations,
while Random Forest Imputation utilizes ensemble learning
to predict missing observations. Finally, the Autoencoder
model reconstructs incomplete healthcare records by learning
compressed latent feature representations using deep neural
networks.

The reconstructed datasets are evaluated using Root
Mean Square Error (RMSE), Mean Absolute Error (MAE),
Imputation Accuracy, and Computational Time. The framework
further analyzes the influence of each imputation technique
on downstream healthcare prediction models to determine its
practical applicability in clinical decision support systems.

Let X represent the incomplete healthcare dataset, M represent
missing observations, and I represent the reconstructed dataset
after imputation. The imputed healthcare dataset D is expressed
as

D=oc(Wi[X (1M [11I] +b)
where Wi denotes the imputation weight matrix, b represents
the bias parameter, and ¢ denotes the nonlinear reconstruction

function responsible for estimating missing healthcare
observations.
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The reconstructed datasets are subsequently evaluated using
supervised machine learning models to determine the effect of
each imputation technique on predictive healthcare analytics.
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Implementation and Results

TThe proposed comparative framework was implemented
using Python, Scikit-learn, TensorFlow, Keras, and Pandas.
Experimental evaluation was performed using benchmark
healthcare datasets obtained from publicly available Electronic
Health Record repositories containing patient demographics,
laboratory test results, physiological measurements, and clinical
diagnosis information. The experiments were conducted on
a high-performance computing workstation equipped with
NVIDIA GPU acceleration for deep learning model training.

Table 1: Performance comparison of Mean Imputation, KNN, MICE,
Random Forest, and Autoencoder-Based Deep Learning Imputation
using healthcare datasets.

Imputatlon Tech- Accuracy RMSE | MAE Pfocessmg
nique (%) Time (s)
Mean Imputation 84.25 0.312 0.228 54
KNN Imputation 90.80 0.214 0.156 18.7
MICE 93.15 0.176 0.132 24.5
Random Forest 9585 | 0.124 | 0.095 283
Imputation

Proposed Autoen- 9845 | 0.068 | 0.051 16.9
coder Imputation
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The dataset consisted of approximately 150,000 patient
records containing twenty-five clinical attributes. Missing values
were artificially introduced at varying missing rates ranging
from 5% to 30% to evaluate the robustness of each imputation
technique. Every imputed dataset was subsequently utilized for
disease prediction using identical machine learning classifiers
to measure the influence of missing data reconstruction on
predictive performance.

Proposed Autoencoder Imputation
Random Forest Imputation

MICE

KNN Imputation

Mean Imputation

=)

20 40 60 80 100 120

Processing Time (s) ®MAE ®RMSE mAccuracy (%)
Fig 1: Grouped Bar Chart comparing Accuracy, RMSE, MAE, and
Processing Time for the evaluated imputation techniques.

The robustness of each imputation algorithm was further
analyzed under different missing data percentages commonly
observed in electronic health records.

Table 2: Imputation accuracy under varying percentages of missing
healthcare data.

Missing Random Proposed
Data Mean (%) | KNN (%) Forest (%) Autoencoder
(%) ° (%)

5 92.45 96.20 98.15 99.60
10 89.60 94.45 97.20 99.15
20 84.85 91.30 95.60 98.50
30 79.40 87.25 92.10 97.40

120

100

80

60
40
20
0
5 10 20 30
mMean (%) ®KNN (%) ®Random Forest (%) Proposed Autoencoder (%)

Fig 2: Clustered Column Chart illustrating imputation accuracy
across different missing data percentages.
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Computational efficiency was evaluated by measuring
execution time while processing increasing healthcare dataset
sizes.

Table 3: Execution time comparison of different imputation tech-
niques for increasing healthcare dataset sizes.

. Mean MICE | Random Proposed
Dataset Size Autoencoder
(s) (s) Forest (s) )
10,000 Records 1.6 6.2 8.1 4.8
50,000 Records 3.8 14.5 18.2 10.6
100,000 Records 6.4 23.6 28.4 15.2
150,000 Records 9.5 34.2 39.7 214

3 /'/‘—.\’

Mean (s) MICE (s} Random Forest (s) Proposed

Autoencoder (s)
—=#—10,000 Records —#—50,000 Records

100,000 Records 150,000 Records

Fig 3: Line Graph illustrating computational time variation with
increasing dataset sizes..

An ablation study was performed to analyze the contribution
of deep feature learning toward improving healthcare data
reconstruction quality.

Table 4: Contribution of statistical, machine learning, and deep learn-
ing techniques toward healthcare data reconstruction and disease
prediction accuracy.

Framework Configuration Reconstruction Prediction
Accuracy (%) | Accuracy (%)
Statistical Imputation 86.20 84.80
Machine Learning Imputation 93.85 92.75
Deep Autoencoder 97.20 96.80
Proposed Optimized Framework 98.45 98.10

Proposed Optimized Framework

pesp Ateencoder _

Machine Learning Imputation

Statistical Imputation

m Prediction Accuracy (%) mReconstruction Accuracy (%)

Fig 4: Horizontal Bar Chart showing improvements in summarization
accuracy and context preservation achieved by the proposed OCE
framework.
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Conclusion

The comparative analysis presented in this study demonstrates
the importance of selecting an appropriate data imputation
technique for handling missing values in healthcare datasets.
Missing data remains one of the major challenges in health
informatics because incomplete patient records can significantly
reduce the accuracy of predictive models, introduce statistical
bias, and negatively influence clinical decision-making. The
proposed framework systematically compared statistical,
machine learning, and deep learning-based imputation
techniques under identical experimental conditions to evaluate
their effectiveness in reconstructing incomplete healthcare
information.

Experimental results revealed that traditional statistical
approaches such as Mean Imputation provide fast computational
performance but fail to preserve complex relationships among
clinical variables, resulting in lower reconstruction accuracy.
Machine learning techniques including K-Nearest Neighbor,
Multiple Imputation by Chained Equations (MICE), and Random
Forest Imputation demonstrated considerable improvements in
estimating missing values by exploiting nonlinear relationships
among healthcare attributes. However, these methods exhibited
increased computational complexity when processing large-
scale healthcare datasets.

Among the evaluated approaches, the proposed Autoencoder-
Based Deep Learning Imputation technique consistently
achieved the highest reconstruction accuracy, lowest Root
Mean Square Error, and smallest Mean Absolute Error while
maintaining competitive processing time. The deep learning
model effectively captured latent feature representations
within healthcare data, enabling accurate reconstruction of
missing observations even under high missing-data scenarios.
Furthermore, disease prediction models trained using datasets
reconstructed by the proposed framework achieved superior
predictive accuracy, confirming that improved imputation
directly enhances downstream healthcare analytics.

The scalability analysis further demonstrated that the
proposed framework maintains reliable computational
performance as dataset size increases, making it suitable for
large-scale Electronic Health Record systems and clinical data
repositories. The ablation study validated the contribution of
deep representation learning toward improving healthcare
data quality and predictive model performance compared with
conventional statistical and machine learning techniques.

Overall, the proposed comparative framework provides
valuable guidance for healthcare researchers, data scientists,
and clinical practitioners in selecting suitable data imputation
techniques according to dataset characteristics and application
requirements. Accurate missing data reconstruction contributes
significantly to improved disease diagnosis, clinical decision
support, healthcare research, and evidence-based medical
practice.

Future research will focus on integrating transformer-based
imputation models, graph neural networks, federated learning,
uncertainty-aware imputation strategies, and explainable
artificial intelligence techniques to further improve missing data
reconstruction, privacy preservation, computational efficiency,
and interpretability in next-generation health informatics
systems.
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