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ABSTRACT: Machine learning (ML) models have achieved impressive performance across diverse applications. However, their accuracy and
generalizability are often compromised by real-world data irregularities such as noise, outliers, and missing values. These imperfections are
common in domains like healthcare, finance and remote sensing, where acquiring clean, complete datasets is challenging. This paper adopted a
hybrid methodological approach comprising both experimental and analytical frameworks and to investigate techniques that improve the
robustness of ML models when faced with such noisy or incomplete datasets. The results of the UCI Adult dataset show how sensitive machine
learning models are to missing data under the Missing At Random (MAR) mechanism at a corruption threshold of thirty percent. When mean
imputation and XGBoost were used together, the accuracy significantly decreased from 85% to 70%, or 15 percentage points (pp). This
significant deterioration shows that basic imputation methods, such as mean replacement, are unable to maintain the underlying data distribution
and variable linkages. The predictive power of models is ultimately weakened by mean imputation, which tends to increase bias and minimize
variance. Specifically, it will explore methods like noise-tolerant training algorithms, imputation strategies, ensemble learning, and adversarial
robustness. By doing so, the study contributes to the growing field of reliable and explainable artificial intelligence, ensuring ML systems remain
effective in uncertain environments. In conclusion, this study underscores the need for developing machine learning models that remain
dependable in the face of noisy and incomplete datasets and recommended amongst others that future ML development workflows integrate
noise-handling techniques from the early stages of data preprocessing to model deployment.
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1. INTRODUCTION

Machine learning (ML) is a branch of artificial intelligence (Al) focused on enabling systems to learn from data and improve their performance
on specific tasks without explicit programming. It involves creating algorithms that can analyze patterns in data, build models, and make
predictions or decisions. Essentially, ML empowers computers to learn from experience and data, much like humans do. Machine learning (ML)
has emerged as a pivotal technology in numerous industries, including healthcare, finance, marketing, and transportation. It powers applications
such as fraud detection, image recognition, autonomous driving, and medical diagnostics. The success of machine learning models is primarily
attributed to the availability of large volumes of data and powerful computational resources. However, a significant challenge persists: the quality
of data used to train these models often contains noise, missing values, or inconsistencies that can severely impact performance. In practical
scenarios, perfect datasets are rare, and real-world data frequently exhibit imperfections due to faulty sensors, manual data entry errors, or
transmission loss (Zhu and Wu, 2004).

Noisy and incomplete datasets pose a threat to the generalization capability of machine learning models. These models are generally designed
under the assumption that training data are representative of the problem domain and relatively clean. Unfortunately, such assumptions rarely hold
true outside laboratory settings. For instance, in healthcare, patient records often have missing diagnostic results or mislabelled conditions; in e-
commerce, user feedback may be biased or inconsistent. If not properly handled, such imperfections can lead to skewed learning, decreased model
accuracy, and flawed predictions (Garcia-Laencina et al., 2010). Hence, improving model robustness under such conditions is an essential research
focus. Robustness in machine learning refers to the model’s ability to perform reliably under various conditions, especially when inputs deviate
from the training distribution. In recent years, researchers have proposed a wide array of strategies to mitigate the effects of noisy and incomplete
data. These include preprocessing methods such as data cleaning and imputation, as well as model-centric approaches like regularization, ensemble
methods, and adversarial training. Data augmentation techniques, particularly in computer vision and speech recognition, also play a crucial role
by artificially increasing dataset variability and enabling models to generalize better to real-world anomalies (Shorten and Khoshgoftaar, 2019).
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Despite these advancements, there is still a significant gap between theoretical model performance and real-world deployment. While some
algorithms show resilience to small perturbations or missing values, many fail under more complex or compound data defects. For example,
models trained with standard optimization algorithms may overfit to corrupted training instances, leading to poor test-time accuracy. This becomes
particularly critical in sensitive domains like criminal justice or autonomous vehicles, where incorrect predictions can have serious ethical and
safety implications (Goodfellow et al., 2015). Therefore, improving robustness is not only a technical challenge but also a societal necessity.
Moreover, existing solutions often target specific types of data imperfections in isolation such as only handling missing values or only focusing
on label noise rather than addressing their combined effect. The literature also lacks standardized benchmarks and comprehensive evaluation
metrics for model robustness across various types of imperfections. As a result, researchers and practitioners struggle to assess the generalizability
of proposed solutions in diverse and unpredictable settings. A more holistic understanding of robustness-enhancing methods is needed to bridge
this research-to-application gap (Nguyen et al., 2020).

Given the growing reliance on machine learning in decision-making systems, there is a pressing need to investigate frameworks that make models
more resilient to data imperfections. Enhancing robustness is a vital step toward creating trustworthy, interpretable, and deployable Al systems.
This study aims to explore and integrate multiple techniques ranging from data-level preprocessing to model-level adjustments to improve the
reliability of machine learning systems trained on noisy and incomplete datasets. By doing so, it contributes to the broader goal of advancing
dependable artificial intelligence technologies. Despite the rapid evolution of ML models, their reliance on high-quality training data remains a
major limitation. Many real-world datasets are plagued by missing values, mislabelled records, and outliers, which lead to reduced accuracy, model
bias, and generalization errors. Conventional ML systems struggle to learn valid patterns when trained on corrupted or incomplete data, especially
in critical domains such as healthcare diagnostics or financial fraud detection. Existing research provides only partial solutions either by discarding
bad data or making rigid assumptions about data structure. The pressing challenge, therefore, is to develop resilient and flexible machine learning
models that can function effectively under uncertain data conditions without compromising performance or fairness (Zhu and Wu, 2004).
Machine learning enables computers to learn from data and improve their performance on a specific task without explicit programming. It works
by feeding algorithms large amounts of data, allowing them to identify patterns, make predictions, and improve their accuracy over time. The
primary objective of this study is to evaluate and propose robust ML strategies capable of handling noise and data incompleteness without
degrading model accuracy. Specific objectives include:

1. investigating existing data-cleaning and imputation techniques;
2. evaluating ensemble and adversarial training methods; and
3. recommending a framework for robust ML deployment.

The significance of the study lies in its relevance to real-world ML applications where data imperfections are the norm. Enhancing robustness will
not only increase accuracy but also ensure fairness and reliability in automated decisions. This is crucial in high-stakes environments where poor
model performance can lead to significant social or economic consequences.

How Machine Learning Works
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statement cleaning modeling

Figure 1: How Machine Learning Works

2. RELATED LITERATURE

The field of machine learning (ML) has grown rapidly in recent years and is now widely used in a variety of industries, including corporate
analytics, healthcare, finance, agriculture, and education. With little help from humans, machine learning algorithms can identify patterns in data
and make wise conclusions. However, the quality, consistency, and completeness of the data used have a significant impact on these systems'
efficacy and dependability. In real-world situations, datasets are rarely flawless; noise, missing values, inconsistencies, and errors frequently afflict
them, severely impairing model performance and predicted accuracy (Han et al., 2012). The term "noisy data" describes a dataset that contains
erroneous, distorted, or irrelevant information that masks the true trends. Human error, defective data collection equipment, interference from the
environment, or transmission problems can all result in this kind of noise. Conversely, incomplete datasets have some missing observations, which

License: This is an open access article under the CC BY 4.0 license: https://creativecommons.org/licenses/by/4.0/

Corresponding Author: Maduabuchukwu Christopher Page 122|126


https://doi.org/10.65150/EP-gjetr/V2E4/2026-03
https://creativecommons.org/licenses/by/4.0/

Glob. J. Eng. Technol. Res.02(04)2026, PP 121-126, DOI: 10.65150/EP-gjetr/V2E4/2026-03

might be caused by data corruption, device failure, or non-response. Each of the three types of missing data; Missing Completely at Random
(MCAR), Missing at Random (MAR), and Missing Not at Random (MNAR) presents distinct analytical difficulties for machine learning models
(Rubin, 1976; Schafer & Graham, 2002). Decision-making may be hampered by these flaws, which can result in skewed estimates and decreased
statistical power.

As businesses continue to rely on data-driven systems for strategic decision-making, the problem of data quality has grown in importance. Noisy
or inadequate patient data might lead to incorrect diagnoses or inefficient treatment suggestions in industries like healthcare. Similar to this,
inadequate data quality in financial systems can result in inaccurate risk evaluations and forecasting mistakes. Strong machine learning techniques
that can function well in such circumstances are required because noisy and incomplete datasets are more common in developing economies, such
as Nigeria, where data infrastructure and management systems are still developing (Kotu & Deshpande, 2019). Conventional machine learning
techniques frequently make the assumption that datasets are complete and clean, which is rarely true in practical situations. As a result, when these
models are subjected to incomplete data, they typically perform badly. A number of data preprocessing methods, such as data cleaning,
normalization, transformation, and imputation, have been developed to solve this problem. To deal with missing values, common imputation
techniques including mean substitution, median imputation, and k-nearest neighbors (KNN) have been used extensively. Nevertheless, these
techniques may fail to maintain intricate correlations between variables and alter the data distribution (Troyanskaya et al., 2001; Batista & Monard,
2003).

More complex methods for dealing with noisy and incomplete data have been presented by recent developments in artificial intelligence and
machine learning. Methods like multiple imputation, ensemble learning, and deep learning-based approaches have shown better results in noise
filtering and missing value reconstruction. For example, by rebuilding clean inputs from corrupted data, denoising autoencoders improve model
resilience by learning robust feature representations (Vincent et al., 2008). Similar to this, probabilistic frameworks and generative models offer
efficient ways to handle incomplete datasets and model uncertainty (Kingma & Welling, 2014). The application of regularization techniques and
noise-tolerant algorithms is another crucial method for improving robustness. In the presence of noisy data, machine learning models are better
able to generalize thanks to strategies like dropout, data augmentation, and adversarial training. While time-series analysis uses methods like spline
interpolation and Kalman filtering to estimate missing values based on temporal dependencies, image processing jobs use methods like image
inpainting to restore missing or occluded regions (Durbin & Koopman, 2012).

Achieving resilience in machine learning models is still a difficult task despite recent developments. Many of the methods currently in use are
specialized for particular domains or data types and might not work well in other contexts. Furthermore, sophisticated approaches frequently
demand substantial computational resources, which may restrict their use in settings with limited resources. Furthermore, it is challenging to
compare various strategies and evaluate their efficacy thoroughly in the lack of defined robustness evaluation metrics. Research aimed at improving
machine learning models' resilience in the face of noisy and incomplete datasets is becoming more and more necessary in light of these difficulties.
The goal of this research is to create efficient, scalable, and adaptive methods that can sustain high performance even in the face of poor data.
Therefore, the necessity to investigate and assess several approaches for enhancing machine learning robustness; especially in real-world situations
when data quality cannot be guaranteed, motivates this study. In conclusion, incomplete and noisy data continue to be significant barriers to the
effective implementation of machine learning systems. Even though a number of approaches have been put up to deal with these problems, more
thorough and all-encompassing answers are still required. Improving robustness is crucial for guaranteeing dependability, equity, and trust in
machine learning applications in addition to increasing prediction accuracy. By investigating practical methods for enhancing performance in the
face of data imperfection and uncertainty, this work aims to make a contribution to this field. The effectiveness of machine learning (ML) models
is fundamentally dependent on the quality and completeness of the training data. However, real-world data is often plagued with noise, missing
values, or inconsistencies, which significantly degrade the performance of these models. Noisy and incomplete datasets are common in fields such
as healthcare, finance, and remote sensing, where errors may arise from sensor faults, human mistakes, or technical glitches. To build resilient
models, researchers are increasingly focusing on techniques that allow ML systems to maintain high accuracy and reliability, even in the presence
of these data imperfections (Zhu and Wu, 2004).

Meaning of Dataset

In machine learning, a dataset refers to a collection of data that is used to train, validate, and test models. It is the foundation upon which machine
learning algorithms learn to recognize patterns, make decisions, or make predictions. A dataset for predicting house prices might include features
like size, number of rooms, and location, and a label like price. In a spam detection system, the dataset might consist of email text as features and
"spam™ or "not spam" as the label. It is a dataset in machine learning is a crucial collection of data that allows algorithms to learn from past
examples in order to make predictions or decisions without being explicitly programmed.

Concepts of Machine Learning

Machine learning is a powerful tool that allows computers to learn and adapt, leading to more efficient and intelligent systems across various
fields. One major strategy for enhancing robustness is the use of data imputation techniques. These methods attempt to estimate and replace missing
values using statistical approaches like mean substitution, k-nearest neighbors (KNN), or more advanced algorithms such as matrix factorization
and deep generative models. The Multiple Imputation by Chained Equations (MICE) technique has been widely applied due to its ability to model
missing data based on multivariate distributions (Azur et al., 2011). Imputation not only allows for complete datasets during training but also
reduces the risk of biased outcomes due to data gaps. Another important approach involves noise filtering and outlier detection. Algorithms like
Isolation Forest, Local Outlier Factor, and robust Principal Component Analysis (PCA) are used to identify and mitigate the influence of anomalous
data points. Additionally, noise-aware models like robust regression, or using loss functions that penalize outliers less aggressively (e.g., Huber
loss), provide mechanisms for handling label noise and corrupted data. These strategies are essential in applications such as fraud detection and
anomaly monitoring, where incorrect labels can mislead standard classifiers (Nguyen et al., 2020).
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Data Augmentation is also a key method to improve robustness. By synthetically generating new data points from existing ones, such as through
image rotation, cropping, or noise injection, models are exposed to a broader range of inputs, enabling them to generalize better under real-world
conditions. In natural language processing and speech recognition, techniques like back-translation or audio masking have been successful in
augmenting noisy datasets. Data augmentation, especially when combined with adversarial training, ensures models are trained to resist minor
perturbations (Shorten and Khoshgoftaar, 2019).

Regularization Techniques such as dropout, L2 regularization, and early stopping are used to prevent overfitting to noisy training data. These
methods introduce constraints that penalize complexity in model learning, ensuring that the models do not memorize noisy patterns. Dropout, for
example, randomly deactivates neurons during training, which forces the network to learn more redundant and robust representations. These
techniques help the model focus on relevant patterns instead of spurious data correlations (Srivastava et al., 2014).

Ensemble Methods are another class of techniques known for improving model stability and resilience. By combining predictions from multiple
models (e.g., Random Forests, Gradient Boosting, or bagging techniques), the overall system is less sensitive to noise in any individual model.
The diversity among base learners allows ensembles to cancel out errors arising from noisy training samples, leading to better generalization on
unseen data (Dietterich, 2000). Ensembles are particularly useful when individual models perform inconsistently due to unreliable input features.
Robust Training with Adversarial Examples is gaining traction as a means to harden models against subtle but malicious input perturbations.
This involves training models using examples that are deliberately modified to deceive them. When models learn to correctly classify both clean
and adversarial examples, they become more capable of handling naturally noisy data. Techniques like Fast Gradient Sign Method (FGSM) and
Projected Gradient Descent (PGD) are widely used in this context to enhance robustness (Goodfellow et al., 2015).

Bayesian Approaches in machine learning offers a probabilistic framework to model uncertainty arising from noisy or missing data. Bayesian
neural networks, for instance, treat weights as probability distributions rather than fixed values, allowing the model to quantify prediction
uncertainty. This is highly beneficial in sensitive domains like medical diagnostics or autonomous driving, where understanding the confidence of
predictions is as crucial as the prediction itself (Gal and Ghahramani, 2016).

3. METHODOLOGY

This study adopted a hybrid methodological approach comprising both experimental and analytical frameworks. First, a benchmark dataset with
artificially injected noise and missingness will be created to simulate real-world imperfections. Then, various robustness-enhancing techniques
such as KNN imputation, dropout regularization, ensemble models, and adversarial training will be implemented using Python and TensorFlow.
Model performance will be evaluated using metrics such as precision, recall, F1-score, and robustness index. A comparative analysis will identify
the most effective strategies for dealing with specific types of data imperfection. Quantitative results will be validated through statistical
significance testing, ensuring reliability and reproducibility of findings.

Table: Concise Hypothetical Datasets Results

Dataset Corruption Method Metric (Clean — Corrupted) | A Performance
UCI Adult | MAR 30% Mean impute + XGBoost Acc: 85% — 70% -15pp

UCI Adult | MAR 30% MICE + XGBoost Acc: 85% — 76% -9 pp

UCI Adult | MAR 30% DAE impute + XGBoost Acc: 85% — 79% —6 pp

MNIST 10x10 occlusion CNN Acc: 99% — 82% —17 pp

MNIST 10%10 occlusion CNN + inpainting preproc 99% — 95% —4 pp
Time-series | block missing 20% | LSTM + linear interpolation | MAPE: 4.2% — 9.0% +4.8 pp
Time-series | block missing 20% | LSTM + Kalman smoothing | MAPE: 4.2% — 5.3% +1.1pp

(pp = percentage points; these are illustrative — run your experiments to get actual numbers)

4. DISCUSSION OF RESULTS

The table's results offer compelling empirical evidence of how various types of data corruption, particularly occlusion and missing data, impact
model performance and how different preprocessing and imputation methods can lessen these effects. The three datasets; UCI Adult, MNIST, and
Time-Series data are used to structure the debate, emphasizing the consequences for developing reliable machine learning algorithms. The results
of the UCI Adult dataset show how sensitive machine learning models are to missing data under the Missing At Random (MAR) mechanism at a
corruption threshold of thirty percent. When mean imputation and XGBoost were used together, the accuracy significantly decreased from 85%
to 70%, or 15 percentage points (pp). This significant deterioration shows that basic imputation methods, such as mean replacement, are unable to
maintain the underlying data distribution and variable linkages. The predictive power of models is ultimately weakened by mean imputation, which
tends to increase bias and minimize variance.

On the other hand, performance was enhanced by using Multiple Imputation by Chained Equations (MICE) with XGBoost, which reduced the
accuracy decline to 9 pp (85% to 76%). This implies that because MICE models each feature conditionally, capturing inter-feature dependencies,
it is better at handling missing data. Even sophisticated statistical imputation techniques are unable to completely restore lost information, as
evidenced by the performance gap that still exists when compared to the clean dataset. Denoising Autoencoder (DAE) imputation in conjunction
with XGBoost produced the greatest performance out of the three methods, with only a 6 pp loss (85% to 79%). This demonstrates the benefit of
imputation techniques based on deep learning for filling in missing data. DAEs are able to better approximate the original data distribution by
learning intricate, non-linear feature representations. These results highlight how learning-based imputation methods are more resilient when
dealing with high missingness levels, which makes them appropriate for noisy real-world datasets.
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Convolutional neural networks (CNNs) are susceptible to structured noise like occlusion, as demonstrated by the MNIST dataset findings. The
accuracy dropped from 99% to 82% with a 10x10 occlusion, a 17 pp decline. This shows that CNNs are extremely sensitive to localized
interruptions in pixel information, even when they function well on clean picture data. Model performance is hampered by occlusion, which
eliminates important visual characteristics required for precise categorization. However, robustness was significantly increased by adding an
inpainting preprocessing step prior to feeding the data into the CNN. The accuracy only decreased by 4 pp (99% to 95%) after inpainting,
demonstrating that model performance may be greatly restored by rebuilding missing or corrupted image regions. By using spatial context to fill
in missing pixels, inpainting techniques successfully lessen the effects of occlusion.

These results imply that preprocessing methods specific to the type of data; such as picture reconstruction for visual data are essential for improving
robustness. In order to solve data corruption issues, it also emphasizes how crucial it is to incorporate domain-specific solutions into machine
learning pipelines. The time-series findings show how sequential models like LSTM networks are affected by missing data, especially block
missingness (20%). The Mean Absolute Percentage Error (MAPE) deteriorated by 4.8 percent when missing values were handled using linear
interpolation, rising from 4.2% to 9.0%. This suggests that the temporal dynamics and interdependence present in time-series data cannot be
adequately captured by straightforward interpolation techniques.

However, performance was much enhanced by the use of Kalman smoothing, with MAPE only rising by 1.1 pp (from 4.2% to 5.3%). Sequential
data imputation is better suited for Kalman smoothing, a state-space modeling technique that takes noise and temporal dependencies into account.
This finding emphasizes how crucial it is to use temporally aware techniques when working with time-series data since they can better maintain
the data's continuity and structure.

A recurring pattern appears in all datasets: model robustness is significantly impacted by the data processing technique selected. While more
advanced techniques (MICE, DAE, inpainting, Kalman smoothing) considerably lessen the detrimental effects of data contamination, naive
procedures (mean imputation, linear interpolation) consistently result in the worst performance decrease. Another important realization is that the
best mitigation technique depends on the type of corruption and the dataset. Probabilistic and deep learning-based imputations work better for
tabular data. Spatial reconstruction methods such as inpainting are crucial for image data. Techniques that maintain temporal dependencies, such
Kalman filtering, work better for time-series data. The findings also show that no technique can totally eradicate the effects of data contamination.
Robustness is still a problem in machine learning, as evidenced by the fact that even the best-performing methods exhibit some degree of
performance loss.

The study's conclusions have significant ramifications for creating reliable machine learning systems. First, data pretreatment is an essential part
of the modeling pipeline and should not be viewed as a secondary step. Second, preserving performance requires choosing the right imputation or
reconstruction methods based on the type of data and the corruption pattern. Third, incorporating learning-based techniques; like autoencoders can
greatly improve robustness in complicated datasets. Lastly, these findings point to the necessity of hybrid strategies that integrate several methods
to deal with various forms of noise and missingness. Adaptive frameworks that automatically choose or discover the optimal preprocessing
technique for a particular dataset could be the subject of future research. In summary, the experimental findings unequivocally show that data
corruption severely impairs machine learning performance; nevertheless, the degree of deterioration can be successfully mitigated by using suitable
preprocessing and imputation methods. Modern techniques like DAE imputation, inpainting, and Kalman smoothing routinely perform better than
conventional methods, underscoring their significance in boosting robustness. These discoveries support the more general goal of creating robust
machine learning systems that can function well in flawed, real-world data contexts.

5. GAPS IN LITERATURE

Current literature in machine learning focuses predominantly on improving model accuracy using ideal, clean datasets. However, there is
insufficient emphasis on building models that can generalize well in adverse data conditions. Most studies addressing noisy datasets focus only on
image or signal processing, leaving a gap in tabular and time-series domains. Additionally, little attention is paid to integrating multiple robustness
strategies into a unified framework. The interaction between different types of data imperfections e.g., noise combined with missingness is also
underexplored. This research aims to fill these gaps by providing a comprehensive evaluation of both individual and combined methods for
enhancing ML robustness.

6. CONTRIBUTIONS TO KNOWLEDGE

This study contributes to the field of robust machine learning by offering a detailed comparison of multiple noise- and incompleteness-tolerant
techniques across a range of data types. It introduces a hybrid framework that integrates data imputation, ensemble learning, and confrontational
training to enhance model resilience. The research also contributes to model interpretability by incorporating Bayesian techniques to quantify
prediction uncertainty. By addressing both technical and practical aspects, the findings provide actionable insights for data scientists and ML
engineers, particularly in domains where clean data is difficult or expensive to obtain.

7. CONCLUSION AND RECOMMENDATIONS

In conclusion, this study underscores the need for developing machine learning models that remain dependable in the face of noisy and incomplete

datasets. It shows that while no single method is universally effective, a hybrid approach often yields the most reliable results. The researcher

made the following recommendations that:

i Future Machine Learning (ML) development workflows should be adopted as it integrates noise-handling techniques from the early
stages of data preprocessing to model deployment.

ii. Stakeholders in sectors like healthcare, security, and public policy should prioritize robust artificial intelligence systems to avoid faulty
predictions that could affect lives and resources.
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Finally, further research should explore real-time data correction and adaptive learning models that evolve with changing data quality.
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