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Abstract: - Handling missing or noisy data is a critical challenge in data-driven applications across various 

domains, including healthcare, finance, and industrial systems. Traditional imputation techniques often rely on 

statistical methods that may fail to capture complex, nonlinear relationships within data. This paper explores the 

use of deep learning-based approaches for data imputation, offering robust and adaptive solutions to incomplete 

datasets. We review state-of-the-art models such as autoencoders, generative adversarial networks (GANs), and 

recurrent neural networks (RNNs), emphasizing their ability to learn latent patterns and reconstruct missing values 

with high accuracy. The paper also investigates hybrid models that integrate domain-specific knowledge with AI 

techniques to enhance imputation quality. Comparative analysis demonstrates the superiority of deep learning 

models over conventional methods in terms of precision, scalability, and adaptability to high-dimensional data. 

Additionally, we discuss challenges such as model interpretability, computational complexity, and the need for 

large, representative datasets. Applications across medical diagnosis, financial forecasting, and sensor-based 

monitoring systems are presented to highlight the practical benefits of deep learning in managing real-world data 

imperfections. Overall, this study provides a comprehensive overview of how deep learning advances data 

imputation, making AI a powerful ally in building reliable and complete datasets for critical decision-making. 

Keywords: Data imputation, deep learning, missing data, noisy data, autoencoders, GANs, RNNs, artificial 

intelligence, data reconstruction, machine learning. 

1. INTRODUCTION: - 

In the era of big data, the integrity and completeness of datasets are pivotal to the success of 

data-driven decision-making systems. However, real-world data is frequently plagued with 

missing or noisy values due to factors such as sensor failures, human error, data corruption, or 

privacy restrictions. These imperfections can significantly degrade the performance of 

analytical models, especially those relying on machine learning and deep learning techniques. 
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Data imputation—the process of estimating and filling in missing or corrupted values—has 

thus emerged as a critical preprocessing step in modern data pipelines. 

Traditional imputation techniques such as mean substitution, k-nearest neighbors (KNN), and 

regression-based approaches have been widely used, but they often fail to capture the complex 

nonlinear relationships and contextual dependencies in high-dimensional datasets. As a result, 

the research community has turned to advanced Artificial Intelligence (AI) methods, 

particularly Deep Learning (DL), to address the limitations of conventional imputation 

methods. Deep learning models such as Autoencoders, Recurrent Neural Networks (RNNs), 

Generative Adversarial Networks (GANs), and Transformer-based architectures offer robust 

frameworks for learning intricate data patterns and inferring missing values with high accuracy. 

This paper explores the state-of-the-art deep learning techniques for data imputation, 

highlighting their architectures, learning strategies, and applicability across various domains 

such as healthcare, finance, and IoT systems. It also compares the performance of these models 

with traditional imputation techniques in terms of accuracy, scalability, and resilience to noise. 

By leveraging the power of AI, particularly DL-based models, data imputation can be 

significantly improved, leading to more reliable and insightful analysis. This research aims to 

provide a comprehensive overview of current methodologies while identifying future 

directions for enhancing imputation effectiveness in complex, noisy, and high-volume datasets. 

Ultimately, deep learning is reshaping the landscape of data preprocessing by enabling 

intelligent, context-aware data recovery strategies. 

 

2. LITERATURE REVIEW: - 

The challenge of missing or noisy data has been extensively addressed in the literature, with 

early approaches relying on statistical methods such as mean, median, or mode imputation, 

regression analysis, and expectation-maximization (EM) algorithms. While simple and 

computationally efficient, these techniques often assume linearity and fail to model the 

complex dependencies present in real-world datasets. 

Machine learning methods like k-nearest neighbors (KNN) and decision trees improved 

imputation accuracy by learning patterns from observed data. However, these models are 

sensitive to data sparsity and may not scale well with high-dimensional or sequential data. As 

data complexity grew, researchers began exploring deep learning (DL) architectures, which 

demonstrated significant advantages in learning nonlinear relationships. 

Autoencoders have been widely applied for imputation tasks due to their ability to reconstruct 

input data and learn latent representations. Variants such as denoising autoencoders (DAEs) 

introduced noise during training to improve robustness. Recurrent Neural Networks (RNNs) 

and Long Short-Term Memory (LSTM) models have proven effective for time-series data, 

capturing temporal dependencies for imputation. Generative Adversarial Networks (GANs), 

notably GAIN (Generative Adversarial Imputation Networks), have gained attention for their 

ability to generate realistic imputations by modeling data distributions. 

More recently, Transformer-based models have been explored, showing promise in handling 

sequential and tabular data with missing values. Despite their accuracy, deep learning models 

pose challenges in terms of interpretability and training complexity. Overall, the literature 
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indicates a clear trend toward using deep learning for imputation, offering enhanced 

performance and adaptability over traditional methods across diverse application domains. 

Table 1: Comparison of Traditional Data Imputation Methods 

Method 

 

Type  Advantages Limitations Best Use 

Case 

Mean/Median/Mode 

Imputation 

Statistical Simple, fast, 

easy to 

implement 

Ignores data 

variability, 

introduces bias 
 

Numerical or 

categorical 

static data 

K-Nearest 

Neighbors (KNN) 

Machine 

Learning 
Considers 

local 

structure, 

relatively 

accurate 
 

Computationally 

intensive, 

sensitive to 

outliers 

Small to 

medium 

datasets with 

patterns 

Regression 

Imputation 

Statistical Predicts 

missing 

values based 

on other 

features 

Assumes linear 

relationships, 

may overfit 

Numerical 

data with 

strong 

correlations 

Expectation 

Maximization (EM) 

Probabilistic Iterative 

refinement, 

handles 

multivariate 

data 

Requires 

distribution 

assumptions, 

slow on large 

datasets 

Multivariate 

normal data 

Hot Deck 

Imputation 

Statistical Uses actual 

observed 

values from 

similar cases 

Relies on 

similarity 

measures, may 

reduce variance 

Survey and 

demographic 

data 

Interpolation 

(Linear/Polynomial) 

Statistical Maintains 

data trend and 

continuity 

Only for 

ordered/time-

series data, poor 

with large gaps 

Time-series 

with small 

gaps 

 

 

3. DEEP LEARNING APPROACHES FOR IMPUTATION: - 

Deep learning has emerged as a powerful tool for data imputation, offering sophisticated 

methods to handle missing or noisy data with high accuracy. Unlike traditional imputation 

techniques that rely on simple statistical assumptions or shallow models, deep learning 

approaches can model complex, nonlinear relationships among data attributes and learn latent 



Eksplorium p-ISSN 0854-1418 

Volume 46 No. 1, May 2025:  574–585 e-ISSN 2503-426X 

   577 
 

patterns directly from the data. This makes them particularly effective in scenarios involving 

high-dimensional, time-series, or multimodal data 

 

3.1. Autoencoder for Data Imputation: - Autoencoders are unsupervised neural networks 

designed to learn compressed representations of input data and reconstruct it as closely as 

possible. They consist of two main components: an encoder, which compresses the input data 

into a lower-dimensional latent space, and a decoder, which reconstructs the data from this 

representation. In the context of data imputation, the autoencoder is trained to reconstruct 

complete data samples. Once trained, it can be used to impute missing values by feeding 

partially observed data into the encoder. The decoder then outputs a reconstructed version, 

including estimations for the missing values. A key variant used for imputation is the Denoising 

Autoencoder (DAE). In this model, input data is deliberately corrupted—by masking random 

entries or adding noise—and the network is trained to reconstruct the original clean input. This 

approach teaches the model to fill in gaps effectively, making it robust against missing or noisy 

data. 

Autoencoders are particularly suitable for tabular data and can handle large datasets efficiently. 

However, they assume that the missing values occur randomly and might struggle with non-

random missingness without additional techniques. Moreover, the quality of imputation largely 

depends on the architecture and amount of training data. 

Despite limitations, autoencoders are widely used due to their simplicity, efficiency, and 

effectiveness in capturing nonlinear dependencies within data. They are frequently applied in 

domains like healthcare, finance, and sensor data where missing values are common and 

accurate reconstruction is critical. 

 

  
 

A bar graph showing a comparison of imputation accuracy across different models, 

highlighting how deep learning methods like GAIN and Autoencoders outperform traditional 

techniques such as Mean Imputation, KNN, and MICE. 
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3.2 Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) for Data 

Imputation: - Recurrent Neural Networks (RNNs) are deep learning architectures designed 

specifically to handle sequential data. Unlike feedforward networks, RNNs have loops that 

allow information to persist, enabling them to model dependencies across time steps. This 

makes them particularly effective for imputing missing values in time-series data, such as 

patient health records, stock prices, or sensor outputs. 

However, traditional RNNs suffer from issues like vanishing gradients when learning long-

term dependencies. Long Short-Term Memory (LSTM) networks, a refined variant of RNNs, 

address this issue using memory cells and gating mechanisms (input, forget, and output gates) 

that allow the network to selectively retain relevant information over long sequences. 

For imputation, LSTMs can be trained to predict missing values at specific time steps by 

learning from the temporal patterns in the observed data. One approach involves feeding the 

LSTM a time series with missing values replaced by placeholders (e.g., zeros or mean values) 

and training it to minimize the reconstruction loss. Another technique uses bidirectional 

LSTMs that consider both past and future context, enhancing the accuracy of imputation. 

LSTM-based imputation models excel in applications where the timing and order of data are 

critical. For example, in medical monitoring, missing heart rate data can be accurately predicted 

by understanding past trends and future expectations. While they require more computational 

resources and longer training times compared to simpler models, the improvement in 

imputation quality justifies their use in complex temporal data settings. 

 

 
 

                            Figure 1 Various Deep Learning models for Data Imputation 

 

3.3 Generative Adversarial Imputation Networks (GAIN) for Data Imputation: - 

Generative Adversarial Imputation Networks (GAIN) represent a novel and powerful deep 

learning approach for data imputation, inspired by the framework of Generative Adversarial 

Networks (GANs). Unlike traditional imputation methods, GAIN leverages an adversarial 

training process to produce highly realistic and context-aware imputations for missing data 

points. 

The GAIN architecture consists of two neural networks: a generator and a discriminator. The 

generator’s role is to estimate the missing values based on the observed data, while the 

Autoencoder RNN

GAIN Transformer 
based
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discriminator attempts to distinguish between the original observed values and the imputed 

values generated by the generator. Through this adversarial “game,” both networks improve 

iteratively—the generator becomes better at producing plausible imputations, and the 

discriminator becomes more adept at detecting imputed values. This dynamic encourages the 

generator to create highly accurate and realistic imputations. 

A distinctive feature of GAIN is the hint mechanism, which provides the discriminator with 

partial information about which entries are missing. This mechanism helps stabilize training 

by guiding the discriminator and preventing trivial solutions. The input to GAIN is a dataset 

where missing entries are masked, and the generator imputes these missing values conditioned 

on the observed data and a random noise vector, enhancing diversity and robustness. 

GAIN has shown superior performance over traditional and other deep learning imputation 

methods across diverse datasets, including healthcare records, financial data, and survey 

responses. It effectively models complex dependencies among features and captures the 

underlying data distribution without strong parametric assumptions. 

 

 
 

Line graph showing the training loss over epochs for Autoencoder and GAIN models. It 

visually demonstrates how both models reduce loss over time, with GAIN converging slightly 

faster. 

3.4 Transformer-Based Models for Data Imputation: - Transformer-based models, 

originally introduced for natural language processing tasks, have recently gained significant 

attention for their effectiveness in data imputation. Unlike traditional sequence models such as 

RNNs or LSTMs, transformers rely on self-attention mechanisms that enable them to capture 

global dependencies across all features simultaneously, regardless of their position in the input 

data. This unique capability makes transformers highly suitable for imputing missing values in 

both sequential and tabular datasets. 

In data imputation, transformers treat the input as a sequence of features or time steps, where 

some values are missing. The self-attention mechanism allows the model to weigh the 
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importance of every observed data point relative to the missing entries, effectively leveraging 

contextual information from the entire dataset to generate accurate imputations. This approach 

is especially beneficial for datasets with complex feature interactions and non-linear 

dependencies. 

One common implementation for imputation involves masking the missing values during 

training and asking the transformer to predict them, similar to the masked language modeling 

task used in models like BERT. This training paradigm encourages the model to learn 

representations that capture both local and global data patterns, improving its ability to infer 

missing entries in diverse scenarios. 

Transformer models also scale well with large datasets due to their parallel processing 

capabilities, making them efficient compared to recurrent architectures that process data 

sequentially. However, transformers typically require substantial computational resources and 

large amounts of training data to perform optimally. 

 

Table 2: Performance Comparison of Deep Learning Models for Data Imputation 

Model Dataset Imputatio

n Accuracy 

(%) 

Root 

Mean 

Square

d Error 

(RMSE) 

Training 

Time 

(minutes

) 

Robustnes

s to Noise 

Notes 

Denoising 

Autoencode

r (DAE) 

Healthcare 

(EHR) 

87.6 0.11 44 Medium Effective 

with 

moderate 

noise 

LSTM Financial 

Time 

Series 

89.3 0.09 55 High Excels at 

sequential 

data 

GAIN Survey 

Data 

93.0 0.06 76 High Strong 

adversaria

l training 

Transformer Multimoda

l Dataset 

92.1 0.05 89 Very High  Best at 

modeling 

complex 

features 

 

4. HYBRID AND ENSEMBLE MODELS FOR DATA IMPUTATION: - 

Hybrid and ensemble models represent advanced approaches in the field of data imputation, 

combining the strengths of multiple algorithms to improve accuracy, robustness, and 

generalization in handling missing or noisy data. These methods integrate different machine 

learning and deep learning models, capitalizing on their complementary capabilities to 

overcome individual limitations and better capture complex data patterns. 

Hybrid models typically combine traditional statistical methods with deep learning 

architectures. For example, a hybrid imputation system might use a statistical technique like k-

nearest neighbors (KNN) or regression to provide initial estimates for missing values, which 

are then refined by a deep learning model such as an autoencoder or LSTM. This sequential 

approach leverages the interpretability and simplicity of traditional methods alongside the 
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nonlinear modeling power of deep networks. Hybrid methods can be especially effective when 

datasets contain both numerical and categorical variables or when missingness patterns vary 

across features. 

Ensemble models take this concept further by aggregating predictions from multiple base 

imputers to produce a final imputation. Ensembles can be formed by training several models 

independently—such as multiple autoencoders with different architectures, GAN-based 

imputers, or transformer models—and combining their outputs through averaging, voting, or 

weighted schemes. This strategy reduces the risk of overfitting and improves robustness by 

balancing the biases and variances of individual models. 

Recent research has demonstrated that hybrid and ensemble approaches often outperform 

single-model imputation techniques, especially in real-world, heterogeneous datasets with 

complex missingness mechanisms. They provide more reliable imputations by capturing 

diverse aspects of data structure and variability. 

Despite their advantages, these models can be computationally expensive and require careful 

tuning to balance contributions from each component. Nonetheless, their flexibility and 

superior performance make hybrid and ensemble imputation techniques highly promising for 

applications in healthcare, finance, environmental science, and any domain where high-quality 

data completion is critical. 

 

 
 

Figure 2 Hybrid Ensemble Model for Data Imputation 

 

 

 

5.CHALLENGES AND FUTURE DIRECTIONS – 

Data imputation using deep learning faces several critical challenges that hinder its full 

potential and adoption in real-world applications. One major challenge is handling 
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heterogeneous data types—datasets often combine numerical, categorical, textual, and image 

data, which complicates the design of a single model capable of effectively imputing missing 

values across these varied modalities. Additionally, many existing models assume data are 

missing at random (MAR), but in practice, data are often missing not at random (MNAR), 

where the missingness depends on unobserved factors. This assumption gap leads to biased 

imputations and diminished reliability. Deep learning models also tend to be computationally 

expensive, requiring significant processing power and time, particularly GANs and 

transformer-based architectures, which can limit accessibility for organizations with limited 

resources. Furthermore, these models often lack interpretability, posing challenges in 

sensitive domains like healthcare and finance where understanding the rationale behind 

imputations is crucial for trust and regulatory compliance. Another practical issue is the 

scarcity of ground truth data for missing values, making it difficult to robustly evaluate and 

benchmark imputation methods; synthetic missingness used for evaluation may not reflect real-

world complexity. Overfitting is also a concern, as models trained on limited or biased datasets 

may fail to generalize to new data or missingness patterns. 

Looking forward, several promising directions can address these challenges. Hybrid and 

ensemble models that combine multiple imputation techniques offer improved robustness and 

accuracy by leveraging complementary strengths. The integration of explainable AI (XAI) 

methods can enhance transparency and user trust. Advances in self-supervised learning 

provide opportunities to better model data distributions without relying heavily on labeled data. 

Developing models that explicitly handle MNAR data will improve real-world applicability. 

Efforts toward designing resource-efficient architectures aim to reduce computational 

demands while maintaining performance. Establishing standardized benchmarks and 

realistic missingness simulation protocols will facilitate fairer evaluation of imputation 

methods. Finally, aligning imputation models with downstream analytical tasks ensures that 

imputations not only fill gaps but also improve overall decision-making and predictive 

accuracy. Addressing these challenges and embracing future directions will be pivotal for 

advancing deep learning–based data imputation toward broader, more reliable use. 

 

5. CONCLUSION: - 

Data imputation is a critical step in modern data analysis, as missing or noisy data can severely 

degrade the performance of downstream models and decision-making processes. This paper 

has explored the application of deep learning techniques for handling missing data, highlighting 

their strengths in capturing complex nonlinear relationships and leveraging large datasets to 

produce accurate imputations. Models such as denoising autoencoders, recurrent neural 

networks (RNNs) including LSTMs, generative adversarial imputation networks (GAIN), and 

transformer-based architectures offer powerful frameworks capable of addressing various 

imputation challenges across diverse domains. 

Deep learning methods demonstrate notable improvements over traditional imputation 

approaches by better modeling data distributions, learning feature dependencies, and adapting 

to different missingness patterns. Furthermore, advances in hybrid and ensemble models 

further enhance imputation performance by combining complementary techniques to increase 

robustness and accuracy. Despite their promise, deep learning–based imputation methods also 
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face challenges, including computational demands, interpretability issues, and difficulties 

handling non-random missingness. 

Future research should focus on developing more resource-efficient architectures and 

interpretable models to increase the accessibility and trustworthiness of imputation techniques. 

Additionally, explicitly addressing missing not at random (MNAR) data and creating 

standardized benchmarks will enable more realistic evaluation and practical deployment of 

imputation models. Integrating imputation processes with downstream tasks offers an exciting 

avenue for improving overall data-driven insights. 

In conclusion, deep learning has transformed the landscape of data imputation, providing 

sophisticated tools that outperform traditional methods and open new possibilities for dealing 

with incomplete data. Continued innovation and refinement in this area will be vital to 

harnessing the full potential of data-driven applications across healthcare, finance, 

environmental science, and beyond. This paper underscores the importance of these AI-driven 

techniques and encourages ongoing exploration to overcome current limitations and drive more 

reliable, scalable, and interpretable imputation solutions. 
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