
 
 

 
Date of publication January 7, 2026, date of current version January 7, 2026. 
Digital Object Identifier 10.64539/msts.v1i2.2025.370 

 
Methods in Science and Technology Studies 2025, 1, 2 https://journal.futuristech.co.id/index.php/msts 

Review 

Regularization-Based Solutions to Overfitting in Modern Pre-
dictive Models: A Review 
Osita Miracle Nwakeze1,* 

1 Department of Computer Science, Chukwuemeka Odumegwu Ojukwu University, Uli, Anambra State, Nigeria; 
ma.nwakeze@coou.edu.ng  

* Correspondence 
 
The author(s) received no financial support for the research, authorship, and/or publication of this article. 

Abstract: One of the most serious issues in the current predictive modelling is overfitting, especially with 
the increase in the complexity and size of machine learning systems. This research proposes regularisa-
tion-based methods as critical methods of enhancing generalisation and avoiding noise memorization in 
training data by models. The systematic literature review of the study that includes 2006-2025 research 
provides the synthesis of classical regularization methods, including L1/L2 penalties, Elastic Net, dropout, 
and early stopping, and emerging methods, including probabilistic dropout variants, Bayesian regulariza-
tion, adaptive regularizers, and hybrid frameworks. The review points to the importance of the regularisa-
tion in the context of increasing the performance of generalisation, enhancing robustness to noisy or finite-
sized datasets, stabilising optimization dynamics, and interpretability in high dimensional computations. 
It also determines the major shortcomings in the extant research such as, lack of comprehension on implic-
it regularisation, the cross domain comparative assessment and the requirement of adaptive and automatic 
strategies of regularisation. The paper ends with the research recommendations and open directions of 
research that are meant to enhance the theory, diagnostic tools, and towards the practitioners to effective 
regularisation configurations under different data regimes. Altogether, this paper gives an integrative and 
holistic approach to regularisation as a core building block of constructing credible, robust and general 
predictive models. 
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1. Introduction 
The issue of overfitting, i.e. the ability of a predictive 

model to capture noise or domain specifics in the training 
data instead of the underlying signal, has been a primary 
challenge to effective model use in new domains (vision, 
healthcare, finance). Modern models, with their growing 
capacity in a dramatically increasing capacity, can per-
fectly interpolate training data, but will also demonstrate 
a variable generalisation performance in practise, which 
has fuelled new theoretical and empirical inquiry into the 
causes and limits of generalisation [1], [2]. Awareness of 
the trade-offs between model expressivity and generalisa-
tion is hence a conditioning factor in the development of 
principled mitigation procedures when executing model 
on real-world, and potentially noisy, datasets [3]. 

Regularisation - the general concept of improving 
the generalisation performance of a model to unseen da-

ta, in other words, all the techniques and procedures that 
help to enhance the generalisation ability of a model 
which comprises of a wide range of methods that include 
classical norm penalties (L1/L2) as well as more recent 
stochastic and algorithmic ones, including dropout, data 
augmentation, batch normalisation, and early stopping 
[2], [4]. Experimental evidence has demonstrated that 
certain techniques are highly effective in certain contexts 
(such as dropout in deep networks and use of explicit 
penalty terms in gradient-boosted trees) and other stud-
ies emphasize that optimization dynamics and regulari-
zation implicit in training algorithms are also significant 
contributors to generalization performance [5], [6]. These 
results combined proposed that (1) to protect overfitting 
in current predictive pipelines, a hybrid approach of da-
ta-level, architecture-level, and algorithm-level protec-
tions is expected to be necessary; and (2) strategies to 
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eliminate overfitting in current predictive pipelines are 
ineffective without addressing all three levels of control.  

Although the set of techniques is quite extensive, 
there are also significant gaps: comparative assessments 
between tasks and data regimes are still at the stage of 
development, the relations between explicit and implicit 
regularizers have not been fully described, and guide-
lines of the best practices are not yet fully formed in 
terms of choosing and tuning regularization combina-
tions [2], [4]. The proposed study attempts to fill these 
gaps through survey-based research on regularisation-
based solutions, synthesis of empirical evidence on vari-
ous areas of problems, and offer practical advice to re-
searchers and practitioners who have to trade off model 
capacity, robustness, and interpretability during real 
world deployments. Combining the recent theoretical 
findings and empirical outcomes, the study will have the 
goal of generating practical recommendations on how to 
decrease overfitting and maintain predictive power at the 
same time. 

The rest of this paper is organized as follows: Section 
2 reviews related works on regularization techniques for 
mitigating overfitting. Section 3 details the systematic 
literature review methodology employed. Section 4 ex-
plains the core concepts of overfitting and regularization, 
including their advantages in modern predictive models. 
Section 5 concludes the paper with key findings and dis-
cusses open research directions. 
 
2. Related Works 

The researchers across the reviewed literature pro-
posed various regularisation approaches to reduce over-
fitting and enhance the model generalisation in different 
fields of machine learning. [7] developed a L1/4 regulari-
sation scheme with S-inclined activation function, which 
with improves sparsity, decreases prediction errors and 
demands less samples than L1 and L1/2. [8] showed that 
Lasso regularisation enhances feature selection and pre-
diction accuracy of air quality prediction especially of 
particulate matter. [9] solved the overfitting problem in 
kernel learning models by proposing Bayesian hyperpa-
rameter regularisation, which greatly enhanced the per-
formance of LS-SVM in the situation that contained nu-
merous kernel parameters. [2] outlined a broad overview 
of conventional and deep-learning regularisation 
measures, their strengths, weaknesses, and the necessity 
of their further theoretical insights. [10] built upon CNN 
regularization and introduced the Probabilistic Feature 
Importance Dropout (PFID), which addresses the dynam-
ically changing dropout rate and demonstrated signifi-
cant improvements in the accuracy of CIFAR-10, MNIST, 
and Fashion-MNIST. 

A few works were devoted to the causes of overfit-
ting and the focus on practical mitigation strategies. [11] 
described the causes of overfitting and noise, data scarci-

ty, and model complexity, and mentioned early stopping, 
network reduction, data expansion, and regularisation as 
the fundamental solutions. According to [12], the Regu-
larised Least Squares Ensemble Model (RLS-EM) was 
proposed, which enhances the accuracy and stability of a 
high-dimensional engineering design problem because 
regularisation and sample augmentation are combined. 
As demonstrated by [13], optimizer choice is interacted 
with regularisation whereby NAG, Adam, AdaMax and 
Batch Normalisation enhance the CNN generalisation. In 
the L1-based feature selection of a big-data precipitation 
forecasting model, [14] show that ensemble classifiers 
have a significant accuracy improvement when using 
datasets with up to 10 million samples. [15] also outlined 
some general progress in regularization in various high-
dimensional ML tasks with various contributions in a 
curated special issue. 

Other researches proposed domain-specific or hy-
brid regularizations. [16] combined ensemble learning 
and CNNs in the ELVD model, achieving up to 99% ac-
curacy in noisy traffic sign recognition. [17] improved 
Stochastic Configuration Networks by integrating Elastic 
Net regularization and dynamic loss coefficients, reduc-
ing overfitting by over 50% across benchmarks. [18] has 
associated regularisation with Bayesian inferences of in-
verse imaging issues and highlighted hybrid physics-
based and data-driven schemes. [19] demonstrated L2 
regularisation is better at low-dimensional ANN tasks 
compared to the L1 and dropout, and dropout variants 
are better when the ANN is high-dimensional, such as 
MNIST. According to [20], the feature reduction feature 
of autoencoders reduces overfitting in IDS models, and 
Decision Trees and KNN have high accuracies with re-
duced feature sets. By incorporating both Bayesian-
regularised RNNs and NSGA-II, [21] obtained outstand-
ing results in terms of space-camera reflector optimiza-
tion. [22] proposed SynerGNet, and it was demonstrated 
that the combination of augmented data and regulariza-
tion does not significantly harm predictive performance 
in various assessment measures even though test loss is 
growing. [23] developed MDWS, a dropout-weight at-
tenuation algorithm that had the lowest error rates and 
reliable convergence in CNNs in image recognition. Last 
but not least, [24] divided the effective CNN regularisa-
tion techniques into the three groups: data augmentation, 
internal feature manipulations, and label transfor-
mations, and focused on their reproducibility and gener-
alisation influence. 
 
3. Research Methodology 

Systematic Literature Review (SLR) methodology 
was taken in order to find, assess, and integrate academic 
evidence on regularisation-based measures to curb over-
fitting in contemporary predictive models. A systematic 
procedure  shown in  Figure  1  was  used  in  this  review  
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Figure 1. SLR stages. 
 

 
Figure 2. Example of Overfitting concept. 
 
which included identification of concise research ques-
tions, the formulation of the inclusion and exclusion cri-
teria and a search of major online academic databases, 
including IEEE Xplore, SpringerLink, ScienceDirect, 
ACM Digital Library and Google Scholar. 

Such keywords as regularisation, overfitting, ma-
chine learning generalisation, dropout, L1/L2 penalties, 
implicit regularisation, and deep learning optimization 
were utilised to access the necessary peer-reviewed pa-
pers published in 2006 or later. Due to the elimination of 
duplicates, the studies were filtered by the title, abstracts, 
and full texts to identify relevance, methodological rig-
our, and relevant themes. 

This SLR aims to provide a representative rather 
than exhaustive synthesis of regularization-based ap-

proaches to overfitting, focusing on influential peer-
reviewed works published from 2006 onward (with in-
clusion extending to emerging preprints and accepted 
papers up to early 2025 to capture recent advancements). 
The selection considered here prioritized studies that 
demonstrates theoretical insights, empirical validation or 
novel methodological contributions, ensuring methodo-
logical rigor (clear experimental setups and benchmarks) 
and relevance to overfitting mitigation. While an exhaus-
tive coverage of all publications was not feasible due to 
the rapid expansion of the field, the included works were 
chosen to achieve thematic balance across machine learn-
ing paradigms: classical methods (for instance norm-
based penalties in linear models, SVMs, and ensembles 
like XGBoost) are represented alongside modern deep 
learning techniques such as dropout variants, probabilis-
tic methods, and implicit regularization in large-scale 
neural networks. This balance reflects the evolution of 
regularization from explicit capacity control in smaller 
models to hybrid explicit-implicit strategies in overpa-
rameterized regimes, spanning applications in regression, 
classification, computer vision, time-series forecasting, 
and domain-specific tasks (e.g., healthcare, environmen-
tal modelling, and engineering optimization). 
 
4. The Concept of Overfitting 

In overfitting, it is not only the underlying relation-
ship between the inputs and the targets that are being 
modelled by the learning algorithm but also the noise 
and idiosyncrasies of the training data, which results in a 
predictor that works well on the training data but fails to 
work well on the unseen data [25]. Classical statistical 
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explanations describe overfitting in the context of the bias 
variance trade-off: too flexible models may decrease bias, 
at the price of large variance, to be sensitive to sampling 
variability in the training data. Practically, overfitting is 
identified by the increasing discrepancy between training 
performance and validation/test performance: as training 
loss decreases and validation/test loss increases, then the 
model is presumably learning to memorise training-
specific effects instead of learning generalizable structure 
[26]. Figure 2 illustrates an example of overfitting as a 
graph. 

Cloudier high-capacity models (such as deep neural 
networks and large ensembles) confuse traditional intui-
tions as they can achieve near-zero training error on ran-
dom labelled data, and nevertheless may often generalise 
well in practise revealing a vulnerability of the simple 
capacity elucidation of overfitting [1]. Such observation 
has led to finer insights: explicit regularizers (weight 
penalties), data-centric regularizers (augmentation, cross-
validation) are effective in most contexts, still, optimiza-
tion dynamics and implicit regularisation of algorithms 
(stochastic gradient descent) does play a significant role 
in determining whether a large model would overfit [1],  
[26]. Recent research on the so-called double-descent risk 
curve further indicates that at classical interpolation 
threshold and beyond, model capacity can sometimes 
lead to an error in the test, again highlighting that overfit-
ting is a subtle phenomenon that involves model, data, 
and training interaction [27]. 

Since overfitting may occur in a variety of ways, in-
cluding limited data, noisy labels, too complex architec-
ture, or unsuitable optimization, it is normally multi-
dimensional. Common techniques are norm-based penal-
ties (L1/L2), stochastic regularizers using dropout and 
early stopping using validation monitoring as well as 
data augmentation in order to achieve lower model ca-
pacity, introduces noise, makes it harder to memorize 
and/or to represent the inputs better [26]. An effective 
experimental procedure integrates diagnostics (learning 
curves, hold-out validation), targeted regularization and 
hyperparameter search in such a way that model com-
plexity is adjusted to the available data and the overall 
generalization demands of the task. 
 
4.1. The Concept of Regularization 

Regularization of machine learning is a collection of 
methods that allow overfitting to be avoided through 
limited model complexity. Overfitting happens when a 
model is fitted too well to the training data, it includes 
noise and irrelevant patterns which reduces its capacity 
to predict new data. Regularization is a method of solv-
ing this issue, which means to put constraints in the 
learning process, commonly with a penalty term in the 
loss term that is used to disfavour high or extreme values 

of the parameters [5]. Regularisation techniques are usu-
ally divided into a number of methods. L2 regularisation 
(Ridge) includes a penalty that is proportional to the 
square of the model weights and thus that pushes the 
model weights towards smaller, smoother values [26]. L1 
regularisation (Lasso) incorporates a penalty in relation 
to the absolute value of weights, which may reduce some 
weights to zero, which has the effect of performing fea-
ture selection. Dropout is a stochastic regularisation tech-
nique on neural networks in which, in training, randomly 
chosen neurons are disregarded, and the network is 
trained to learn the superfluous and more resilient fea-
tures [5]. Early termination, data augmentation, and 
model architecture constraints are other measures and all 
geared towards enhancing generalisation. 

Consistency is essential in the derivation of predic-
tive models and this is more so when the data available 
are high dimensional or scarce. Regularization can stabi-
lize, interpret, and be more resistant to noisy data by de-
creasing variance with a reasonable bias by censoring 
model complexity. The techniques are an essential part of 
modern deep learning and machine learning models to 
make sure that the model works on unseen data and not 
just remembers the training set [26]. 
 
4.2. Advantages of Regularization for Addressing Over-
fitting in Modern Predictive Models 

Regularisation is a critical element in the contempo-
rary machine learning due to its capacity to enhance the 
generalisation of the model, stability, and interpretability. 
The literature review has shown that various regularisa-
tion strategies including classical L1/L2 strategies to non-
standard dropout-based strategies and Bayesian strate-
gies all increase the reliability of predictive models across 
the various areas of application as shown in Figure 3. The 
subsequent subsections summarise the major perceived 
benefits that have been discovered in the reviewed litera-
ture. 
 
4.2.1. Improved Generalization Performance 

The ability of regularisation to enhance model gen-
eralisation through reducing over-complexity and avoid-
ing the ability of models to capture noise in the training 
data is one of the most well-known advantages of regu-
larisation. Algorithms like L1 and L2 and the Elastic Net, 
the large weights values are penalised, so that only the 
underlying structure patterns are being learned by the 
model. Regularisation of deep neural networks and re-
gression-based models decreases prediction errors by a 
significant margin and the test-set accuracy as shown in 
empirical studies by [7] and [19]. The above findings 
demonstrate that regularisation promotes simpler, 
stronger models that are able to work reliably on unseen 
data points. 
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Figure 3. Advantages of Regularization for Addressing Overfitting. 

 
4.2.2. Noise Reduction and Enhanced Robustness 

The purpose of regularisation is important in reduc-
ing the effect of noisy or small training data, which is a 
frequent cause of overfitting. Such methods as dropout 
and its variations (e.g., Probabilistic Feature Importance 
Dropout by [10]) work by randomly taking away neurons 
in training. This promotes redundant feature learning as 
well as avoids co-adaptation between neurons and pro-
duces more resilient models to perturbations of data. [11] 
pointed out that regularisation of models to reduce their 
complexity is a good way of preventing overfitting cau-
sed by noise. These findings were validated in the re-
viewed works since the authors revealed that dropout-
based strategies usually enhance robustness in image 
processing, time-series prediction, and sensor-based clas-
sification tasks. 
 
4.2.3. Enhanced Model Interpretability and Feature Rele-
vance 

It is also regularised, which also gives it improved 
interpretability, especially in high-dimensional predictive 
modelling. The approaches based on L1 are particularly 
useful in terms of feature selection, reducing the im-
portance of irrelevant features to a zero value. Research-
ers like [8] and [14] show that models using Lasso or elas-
tic net regularisation can determine the most significant 
predictors to use in an environmental and meteorological 
forecasting exercise. This does not only give rise to easier 
models but also to insights that are useful to decision-
makers that expect easy to understand outputs. 
 

4.2.4. Improved Optimization and Training Stability 
The other notable benefit of the reviewed studies is 

the enhancement of optimization behaviour. Regulariza-
tion techniques play synergies with more recent optimiz-
ers and training procedures, like Adam, Nesterov mo-
mentum and batch normalization, resulting in more regu-
lar loss landscapes and more robust convergence. Ac-
cording to [13] and [17], regularised models exhibit fewer 
problems such as exploding gradients, oscillations, di-
vergent parameters, etc. The regularization SCN architec-
ture suggested by the Elastic Net that is presented by [17] 
showed in particular the way in which the combination 
of various regularization penalties allows stabilizing 
training and improving downstream performance. 
 
4.2.5. Domain-Specific and Architecture-Specific Perfor-
mance Gains 

Another common point observed in the reviewed 
works is the ability of regularisation strategies to provide 
architecture-specific benefits in deep learning and hybrid 
systems. An example is the dropout with weight attenua-
tion used to enhance the performance of image recogni-
tion in the dual-category CNN architecture suggested by 
[23], and Bayesian regularization to enhance the accuracy 
of reflector shape prediction in the aerospace engineering 
[21]. Such studies demonstrate that regularisation cannot 
be adopted as a universal method; it is beneficial, and it 
can be extended and applied in the specialised models of 
various areas of knowledge like meteorology, healthcare, 
transportation, and aerospace. 
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4.2.6. Effective Performance with Limited or Imbalanced 
Data 

Regularisation becomes very important when the 
training data available is limited, skewed or hard to ac-
cess. Regularization helps to have high reliability of per-
formance even in constrained data setting by the fact that 
it does not make models to memorize small samples. In-
dicatively, [16] showed that regularised deep ensembles 
were highly recognised in noisy traffic-sign data, despite 
the shortage of data. The latter is especially beneficial in 
practise, when large labelled datasets are not always 
readily available, say in medical diagnostics, cybersecuri-
ty or remote sensing. 
 
5. Conclusion 

This paper looked at the regularisation-based reme-
dies to the age-old problem of overfitting in current pre-
dictive models and summarises the findings of a broad 
spectrum of the literature that includes both classical ma-
chine learning and the current day deep learning. The 
review emphasised that overfitting occurs when models 
are fitted on the training data to the extent that they are 
able to emulate noise and spurious components within 
the training data which do not generalise to the unseen 
data, a phenomenon that is enhanced in high-capacity 
models such as deep neural networks. A systematic liter-
ature review has been used to identify a variety of regu-
larisation methods, among them classical norm penalties 
(L1, L2, Elastic Net), stochastic regularisation methods 
(dropout and its iterations), Bayesian regularisation, fea-
ture selection methods, and optimization-related regular-
izers, and domain-specific hybrid methods. The study 
methods across the surveyed literature have proved to be 
able to benefit generalisation performance, increase ro-
bustness to noisy and limited data, stabilise the training 
process, and in some instances, benefit model interpreta-
bility. 

It is revealed that there is no single best regularisa-
tion algorithm to use; rather, the efficiency of either 
methodology varies depending on the nature of the data, 
the model structure, and the field of application. As an 
example, L1 penalties are useful in high-dimensional fea-
ture selection problems, dropout versions are useful in 
deep vision models, and the use of Bayesian regularisa-
tion is especially useful in the field of engineering and 
inverse problems. Many other studies also highlighted 
the interaction between explicit and implicit regularisa-
tion and indicated as well that training algorithms like 
stochastic gradient descent naturally influence generali-
sation behaviour. The evidence that has been reviewed 
indicates that a combination of complementary data-
level, model-level and algorithmic regularizers will lead 
to a performance that is most optimal especially in a real-
life environment where noise, complexity and scarcity of 
data exist simultaneously. 

To sum it up, regularisation is an unavoidable ap-
proach to the development of predictive systems by 
which one can be sure that the system is reliable in the 
age of more complicated models. It is possible that future 
principled development of models can be informed by a 
better understanding of the interaction between various 
regularization techniques with model capacity, optimiza-
tion dynamics, and dataset characteristics. This work 
would serve that purpose by bringing together the exist-
ing theoretical knowledge and empirical evidence that 
would provide practitioners and researchers with a base 
on which to use when making informed decisions con-
cerning regularisation strategies. Future studies ought to 
be based on comparative assessment of a variety of tasks, 
automated regularisation selection, and combination of 
adaptive and data-driven regularizers, which are able to 
strike a balance between model expressivity and general-
isation in dynamically changing environments. 
 
6. Future Directions 
6.1. Understanding Interactions Between Explicit and 
Implicit Regularization 

Although explicit methods like L1/L2 penalties and 
dropout are already adequately investigated, the implicit 
regularization processes that occur because of optimiza-
tion algorithms (e.g. SGD, momentum, adaptive optimiz-
ers) are still not sufficiently understood. To better under-
stand the interaction between these two types of regulari-
sations, it will be beneficial to develop more theoretical 
sociological models to understand why overparameter-
ized models can provide effective generalisation. 

 
6.2. Comparative Evaluations Across Diverse Data Re-
gimes 

Existing empirical results tend to be domain-
dependent thus creating gaps in the learning behaviour 
of regularisation methods in extreme situations, e.g. 
when noise is high, when samples are limited, or when 
there is a strong class imbalance. Overall systematic 
benchmarks that consider regularizers on various data 
complexities and modalities would offer more broadly 
applicable advice to practitioners. 
 
6.3. Development of Adaptive and Context-Aware Regu-
larization Methods 

Another promising direction is adaptive regulariza-
tion schemes, in which model constraints are dynamical-
ly changed according to training signals, sample uncer-
tainty, or changing data distributions. Developing adap-
tive algorithms which adaptively estimate the strength of 
regularisation may provide a major boost in the generali-
sation capabilities in non-stationary settings. 
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6.4. Hybrid Regularization Frameworks for Complex 
Applications 

Statistical, Bayesian, and deep learning-based regu-
larisation techniques may be combined to provide a 
promising direction of creating better and more inter-
pretable systems. Hybridized frameworks combining 
feature selection, parameter penalties, dropout forms and 
probabilistic priors could be of great value to high-stakes 
fields like healthcare, cybersecurity, remote sensing, and 
the design of engineering. 
 
6.5. New Diagnostic Tools for Non-Classical Generaliza-
tion Phenomena 

The onset of double-descent risk curves as well as 
other atypical generalisation patterns critiques the tradi-
tional practise of diagnosis. It is increasingly being real-

ised that better tools, measures and visualisation are re-
quired to help researchers identify, interpret and reduce 
overfitting in such complicated regimes. This type of di-
agnostics would be used in the more effective selection 
and fine-tuning of regularisation strategies. 
 
6.6. Automated Regularization Selection and Optimiza-
tion 

With the increase in complexity of model architec-
tures, manual tuning of regularisation hyperparameters 
is no longer feasible. The automated methods, including 
AutoML-assisted regularizer choice, neural architecture 
search with intrinsic regularization, and the reinforce-
ment learning-based actions suggest an opportunity to 
reduce human involvement and maintain a high level of 
generalization. 
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