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Abstract

Regression models are widely used for continuous function approximation in applied
research, yet selecting an appropriate model remains challenging for applied users who
must balance predictive accuracy, interpretability, robustness, computational cost, and
preprocessing requirements. This methodological review provides a decision-oriented
synthesis of regression model families, preprocessing strategies, and evaluation criteria for
transparent and reproducible model selection. The reviewed methods are organized by
modeling principle, including linear and regularized models, robust and distribution-aware
estimators, online learning methods, tree-based ensembles, kernel-based and probabilistic
approaches, instance-based regressors, neural networks, and symbolic regression. The
main contribution is a practical framework that connects data characteristics, including
linearity, dimensionality, feature scale, target distribution, noise, outliers, and sample
size, with suitable model families, preprocessing choices, and performance metrics. The
review distinguishes theoretical guarantees, empirical tendencies, and implementation-
dependent behavior because properties such as robustness, interpretability, scalability, and
approximation capacity cannot be reduced to universal binary categories. The resulting
comparative tables and decision criteria provide a compact reference for applied researchers
designing regression workflows that are theoretically grounded, practically feasible, and
aligned with research objectives.

Keywords: comparative analysis; regression model; function approximation; data scaling;
evaluation metrics

1. Introduction
Function approximation is a central task in scientific computing, statistics, and machine

learning. Its goal is to estimate an unknown relationship between input variables and
a continuous output from finite and often noisy observations. Such problems arise in
engineering, physics, economics, biology, energy systems, medical modeling, and many
other quantitative fields. In these contexts, regression is not only a prediction tool, but part
of a wider modeling workflow that includes data preparation, model selection, validation,
and interpretation.

Regression models differ substantially in their assumptions and practical behavior.
Linear and regularized models offer interpretability and computational efficiency, while ro-

Information 2026, 17, 659 https://doi.org/10.3390/info17070659

https://crossmark.crossref.org/dialog?doi=10.3390/info17070659&domain=pdf&date_stamp=2026-07-07
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/information
https://www.mdpi.com
https://orcid.org/0000-0003-1656-5463
https://orcid.org/0000-0002-7536-3688
https://doi.org/10.3390/info17070659


Information 2026, 17, 659 2 of 27

bust estimators address outliers and non-Gaussian errors. Kernel methods, instance-based
regressors, tree ensembles, neural networks, and genetic programming provide greater flex-
ibility for nonlinear approximation, but often require more careful preprocessing, tuning,
or interpretation. For this reason, model selection should be treated as a methodological
design decision rather than as a simple comparison of predictive scores.

A meaningful regression workflow must consider the compatibility between the model,
the data preparation procedure, and the evaluation metric. Regularized and kernel-based
models are typically scale-sensitive, distance-based methods depend strongly on feature
magnitudes, and neural networks often benefit from both input and output scaling. At
the same time, evaluation metrics emphasize different aspects of error behavior: squared-
error metrics penalize large residuals, absolute-error metrics are more robust, percentage
metrics support relative interpretation under suitable conditions, and quantile losses allow
asymmetric error evaluation.

The main added value of this review is its process-oriented synthesis of these elements
(see Figure 1). Instead of treating regression algorithms, scaling methods, and evaluation
metrics separately, the paper connects them into a unified framework for practical model
selection in continuous function approximation. The core contribution is presented through
comparative tables that summarize model properties, recommended scaling strategies,
and metric characteristics. These tables translate the theoretical discussion into a com-
pact decision aid for constructing transparent, reproducible, and practically applicable
regression workflows.

Figure 1. Main steps of regression workflow generation.

The paper is organized as follows. Section 2 defines the review scope, method-
selection criteria, and dimensions of comparison. Section 3 reviews the main regression
model families and their methodological foundations. Section 4 synthesizes application
domains and methodological trends from the reviewed literature. Section 5 translates these
observations into decision dimensions for practical model selection. Section 6 discusses
input and output scaling recommendations, and Section 7 reviews evaluation metrics
and diagnostic criteria. Section 8 concludes by summarizing how model assumptions,
preprocessing choices, validation design, and performance measures should be aligned in
continuous function approximation.
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2. Review Scope and Methodology
The objective of this review is to provide a structured and practice-oriented synthesis

of regression models for continuous function approximation. The paper is intended for
researchers and practitioners who need to select, apply, and evaluate regression models but
who may not have a formal background in computer science, statistics, or mathematical
optimization. Therefore, the review does not aim to provide an exhaustive theoretical treat-
ment of every algorithm. Instead, it focuses on methodological properties that are directly
relevant to practical model selection, including data requirements, preprocessing sensitivity,
interpretability, robustness, scalability, uncertainty handling, and evaluation strategy.

The review follows a methodological and comparative narrative design. It does not
introduce a new regression algorithm and does not conduct a systematic meta-analysis of
all regression studies. Its contribution lies in organizing widely used regression approaches
into a decision-support framework that connects three elements that are often treated
separately: the regression model, the preprocessing strategy, and the performance metric.
This process-oriented perspective is intended to support transparent and reproducible
regression workflows in applied continuous function approximation.

2.1. Scope and Selection of Regression Methods

The regression methods included in this review were selected according to four cri-
teria. First, the method had to be applicable to continuous target variables. Second, it
had to represent a distinct modeling principle, such as linear modeling, regularization,
robust estimation, distribution-aware regression, online learning, kernel-based learning,
instance-based learning, tree-based partitioning, ensemble learning, neural approxima-
tion, or symbolic regression. Third, the method had to be sufficiently established in the
methodological literature or commonly available in widely used scientific software envi-
ronments. Fourth, it had to be relevant to practical model selection problems encountered
in applied research.

Based on these criteria, the review includes classical linear models, regularized linear
models, robust estimators, generalized and distribution-aware regressors, online learning
methods, support-vector approaches, instance-based regressors, decision-tree models,
ensemble methods, neural-network models, and genetic-programming-based symbolic
regression. This selection is intended to cover the main modeling families encountered in
applied continuous regression tasks rather than every possible implementation, variant, or
software-specific extension.

The scope of the review is limited to regression models for continuous outputs. Classi-
fication, survival analysis, causal inference, and time-series forecasting are not treated as
separate methodological domains, although some of the reviewed models can be adapted
to these settings as well. The review also emphasizes general model-selection principles
rather than implementation-specific details. Individual software libraries may differ in
optimization algorithms, default hyperparameters, missing-value handling, categorical-
variable support, and uncertainty estimation. Therefore, the reported properties should be
interpreted as typical characteristics of model families rather than absolute guarantees of
every implementation.

2.2. Organization and Dimensions of Comparison

To improve readability and avoid treating regression algorithms as isolated techniques,
the reviewed methods are grouped into model families. Linear and regularized methods are
discussed first because they form the conceptual baseline for many regression workflows.
Robust and distribution-aware methods are then considered as extensions that address
outliers, skewed responses, heteroscedasticity, or non-standard error behavior. Online
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learning methods are treated separately because their primary advantage lies in scalability
and incremental updating.

Nonlinear approximation methods are organized according to their learning principle.
Polynomial and kernel-based methods introduce nonlinear structure through explicit
transformations or implicit mappings. Instance-based methods rely on local similarity
rather than global parameter estimation. Tree-based and ensemble methods approximate
nonlinear relationships through recursive partitioning and aggregation. Neural-network
models are discussed as flexible approximators whose performance depends strongly on
data volume, architecture, optimization, and scaling. Finally, genetic programming and
memetic genetic programming are included as symbolic regression approaches, where
interpretability is linked to the discovery of explicit analytical expressions.

The comparative analysis is based on practical decision dimensions that directly affect
model choice in applied regression problems. These dimensions include the expected
functional form, scale sensitivity, robustness, interpretability, scalability and computational
cost, uncertainty or distributional information, and tuning complexity. They were selected
because they frequently determine whether a regression model is suitable for a given
dataset, research objective, and computational setting.

These dimensions should be interpreted as diagnostic axes rather than fixed rankings.
For example, models based on distances, gradients, regularization penalties, or kernel
evaluations are often affected by feature magnitudes, whereas tree-based models are usually
less sensitive to monotone transformations of individual numerical features. Similarly,
robustness, interpretability, and scalability depend not only on the model family but
also on dataset size, noise structure, hyperparameter settings, preprocessing choices, and
validation strategy.

2.3. Integration of Preprocessing, Evaluation, and Practical Synthesis

A central methodological assumption of this review is that regression model selection
cannot be separated from preprocessing and evaluation. The same model may behave
differently depending on how input features and target variables are scaled, transformed,
encoded, or filtered. Similarly, the preferred model may change depending on whether the
evaluation criterion emphasizes large errors, average absolute deviations, relative errors,
explained variance, or asymmetric loss.

For this reason, data scaling methods and regression evaluation metrics are treated as
integral parts of the modeling workflow. Input scaling is discussed in relation to models
that depend on feature magnitudes, such as regularized linear models, support-vector
regression, nearest-neighbor regression, online optimization methods, and neural networks.
Output scaling is considered for target variables with large dynamic ranges, skewed
distributions, or unstable loss magnitudes. Evaluation metrics are compared according to
their sensitivity to outliers, interpretability, scale dependence, and suitability for different
target-variable properties.

The synthesis proceeds in three steps. First, each regression method is described in
terms of its modeling principle, assumptions, strengths, limitations, and typical prepro-
cessing requirements. Second, the methods are compared across the decision dimensions
described above. Third, these comparisons are translated into compact tables and workflow
recommendations that support practical model selection.

The resulting framework is not intended to rank regression models universally. There
is no single best method across all datasets, domains, and modeling objectives. Instead,
the framework encourages users to begin with the problem and data characteristics, then
select candidate model families, choose compatible preprocessing steps, and evaluate the
models using metrics aligned with the scientific or practical objective. Final model choice

https://doi.org/10.3390/info17070659

https://doi.org/10.3390/info17070659


Information 2026, 17, 659 5 of 27

should still be based on validation using the user’s own data, appropriate cross-validation
procedures, domain knowledge, and sensitivity analysis.

3. Regression Model Families
This section presents the regression methods considered in this review by organizing

them into model families rather than treating them as isolated algorithms. The purpose
of this organization is to support practical model selection. Models within the same
family often share assumptions, preprocessing requirements, strengths, and limitations,
even if their optimization procedures or implementation details differ. The discussion
therefore focuses on the modeling principle of each family, the theoretical foundation of the
individual methods, and the implications for continuous function approximation.

3.1. Linear and Regularized Regression Models

Linear regression is the natural baseline for continuous function approximation when
the relationship between predictors and the target variable can be reasonably approximated
by an additive linear structure. Ordinary Least Squares (OLS, [1]) estimates the coefficient
vector by minimizing the residual sum of squares in the model. Under the Gauss–Markov
assumptions, the OLS estimator is the Best Linear Unbiased Estimator (BLUE, [2]). Its main
advantages are computational efficiency, coefficient-level interpretability, and conceptual
transparency. However, OLS is sensitive to multicollinearity, high-dimensional predictor
spaces, leverage points, and violations of linearity. It cannot represent nonlinear relation-
ships in the original feature space unless explicit feature transformations are introduced.

Polynomial regression extends the linear modeling framework by applying OLS to
polynomially transformed input variables [3]. Although the model remains linear in its
coefficients, polynomial basis functions allow it to represent smooth nonlinear trends and
interactions. This makes polynomial regression useful as an intermediate approach between
simple linear models and more flexible nonlinear regressors. Its practical limitation is that
the number of polynomial terms grows rapidly with the degree and the number of input
variables, which increases the risk of overfitting and makes feature scaling important.

Regularized linear models modify the least-squares objective by adding penalty terms
that control the coefficient magnitude and reduce variance. Lasso regression, introduced as
the least absolute shrinkage and selection operator [4], adds an L1 penalty to the loss func-
tion. This encourages sparse coefficient vectors and can perform implicit feature selection by
shrinking some coefficients exactly to zero. Lasso is particularly useful in high-dimensional
settings, but its behavior may be unstable when predictors are strongly correlated.

Ridge regression adds an L2 penalty to the least-squares objective [5], corresponding to
Tikhonov regularization [6]. Unlike Lasso, Ridge does not generally set coefficients to zero,
but it shrinks them continuously. This is useful when multicollinearity is present or when
many predictors contribute small but meaningful effects. Ridge regression often improves
predictive stability compared with OLS, although it sacrifices the direct unbiasedness of
the unpenalized estimator.

Elastic Net combines L1 and L2 penalties [7]. It inherits the sparsity-inducing property
of Lasso and the grouping effect of Ridge, making it useful when predictors are numerous
and correlated. From a practical perspective, Elastic Net is often preferable to Lasso when
groups of correlated variables are expected to contribute jointly to the response. As with
other regularized models, standardization is usually required because the penalty acts on
coefficient magnitudes and can otherwise penalize variables unevenly.

Bayesian Ridge regression introduces a probabilistic interpretation of coefficient shrink-
age by placing Gaussian priors on the regression coefficients and estimating posterior
distributions [8]. The posterior mean has a Ridge-like form under fixed prior and noise pre-

https://doi.org/10.3390/info17070659

https://doi.org/10.3390/info17070659


Information 2026, 17, 659 6 of 27

cisions, while the Bayesian formulation additionally allows uncertainty about coefficients
and hyperparameters to be incorporated. This makes Bayesian Ridge useful when regular-
ization and uncertainty characterization are both relevant, although the interpretation of
uncertainty depends on the correctness of the assumed probabilistic model.

Taken together, linear and regularized models are most appropriate when interpretabil-
ity, computational efficiency, or baseline comparison is important. They are less suitable
when the underlying relationship is strongly nonlinear and cannot be captured by prede-
fined transformations. Their main methodological advantage is transparency; their main
limitation is restricted functional flexibility.

3.2. Online and Large-Scale Linear Optimization Methods

Some regression settings require incremental learning, low memory consumption, or
rapid model updates as new data arrive. In these cases, online and stochastic optimization
methods can be more appropriate than closed-form or batch estimators.

The Stochastic Gradient Descent Regressor is based on stochastic gradient descent [9].
Instead of computing the gradient over the full dataset, it updates the model using individ-
ual observations or mini-batches. This makes it scalable to large datasets and streaming
contexts. It can be combined with several loss functions, including squared, absolute, Hu-
ber, and ε-insensitive losses, and with L1, L2, or Elastic Net regularization. Its performance,
however, depends strongly on the learning-rate schedule, feature scaling, regularization
strength, and stopping criterion.

Passive-Aggressive regression is another online learning approach [10]. The model
remains passive when the current prediction is sufficiently accurate and updates aggres-
sively when the error exceeds a predefined tolerance. Its update rule is derived from
a convex optimization problem that balances correction of the current error against min-
imal change to the existing model. Extensions of Passive-Aggressive learning provide
theoretical guarantees for online regression and related tasks [11]. The method is attractive
in real-time settings because it avoids explicit learning-rate tuning, but it remains sensitive
to the aggressiveness parameter and the error tolerance.

Online linear methods are useful when computational constraints dominate the mod-
eling problem. They are usually less flexible than nonlinear models, but they provide
an efficient way to update regression functions under changing or continuously arriv-
ing data.

3.3. Distribution-Aware and Robust Regression Models

Classical least-squares regression is strongly influenced by large residuals and assumes
a particular error structure. Distribution-aware and robust regression methods address
situations in which the target variable is skewed, heteroscedastic, semicontinuous, or
contaminated by outliers.

Tweedie regression models the response using the Tweedie family of exponential
dispersion models [12]. This family is characterized by a mean–variance relationship of the
form Var(Y) = φµp, where Y is the response variable, µ = E(Y) is its mean, φ is the disper-
sion parameter, and p controls the variance function. Depending on the value of p, the fam-
ily includes Gaussian, Poisson, Gamma, inverse Gaussian, and compound Poisson–Gamma
cases. Tweedie regression is therefore appropriate when the target variable is positive,
skewed, semicontinuous, or includes a mass at zero. Its usefulness depends on whether
the selected distributional form adequately represents the data-generating process.

Quantile regression estimates conditional quantiles rather than the conditional
mean [13]. It minimizes an asymmetric absolute loss function, often called pinball loss, and
generalizes median regression to arbitrary quantile levels. This makes it useful when the
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conditional distribution of the response is asymmetric or heteroscedastic, or when upper
and lower prediction behaviors are of separate interest. Quantile regression is not primarily
a robust replacement for all least-squares models; rather, it provides a distributional view
of regression by describing different parts of the conditional response distribution.

Huber regression uses a loss function that is quadratic for small residuals and linear
for large residuals [14]. This design preserves the efficiency of squared-error regression for
small deviations while reducing the influence of large residuals. Huber regression is useful
when moderate outliers are present, but it does not provide high-breakdown robustness
against leverage points by itself. Its behavior depends on the transition parameter that
determines when the loss changes from quadratic to linear.

The Theil–Sen estimator was developed by Theil [15], extended by Sen [16], and later
summarized in a broader methodological form [17]. In simple linear regression, it estimates
the slope as the median of all pairwise slopes. This median-based construction gives the
estimator a substantially higher tolerance to contamination than OLS in simple regression
settings. Its multivariate extensions are more complex, and its computational cost can
increase substantially with sample size.

Random Sample Consensus, or RANSAC, fits regression models by repeatedly sam-
pling minimal subsets, estimating candidate models, and selecting the model with the
largest consensus set of inliers [18]. It is useful when a large fraction of the data may
be contaminated by gross outliers. However, RANSAC is stochastic, depends on inlier
thresholds and iteration counts, and may be unstable if the assumed inlier structure is
poorly specified.

These methods should be considered when the main modeling challenge is not only
functional approximation but also error behavior. They are especially relevant when
residual distributions are non-Gaussian, when outliers are expected, or when the mean is
not the only scientifically meaningful summary of the conditional response.

3.4. Tree-Based Regression and Ensemble Methods

Tree-based regression models approximate continuous responses by recursively parti-
tioning the feature space. They are attractive in applied research because they can represent
nonlinear relationships and interactions without requiring explicit feature engineering or
strict parametric assumptions.

Decision tree regression follows the recursive partitioning principle of CART-style
regression trees [19,20]. The feature space is split into regions, and each leaf typically
predicts the mean response of observations in that region. Single trees are interpretable
because their decisions can be traced through split rules. However, they are prone to
overfitting and can be unstable: small changes in the training data may lead to different
tree structures.

Random Forest regression reduces the variance of single trees by averaging predic-
tions from many trees trained with sample and feature randomization [21]. Bootstrap or
subsampled training sets and randomized feature selection reduce correlations among trees.
Random Forests are flexible, usually strong baselines for nonlinear tabular regression, and
relatively insensitive to monotone transformations of individual features. Their limitations
include reduced interpretability compared with single trees and potentially high memory
cost when many trees are used.

Extremely randomized trees, or Extra Trees, introduce additional randomness by
selecting split thresholds randomly before choosing the best among candidate splits [22].
This often reduces variance and computational cost relative to more exhaustive split-search
procedures, although it may increase bias in some settings. Extra Trees are useful when
speed and robustness through aggregation are important.
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Gradient Boosting regression builds an additive model sequentially [23]. Each new
weak learner, usually a shallow tree, is fitted to the negative gradient of the loss function
with respect to the current predictions. This allows the model to focus on observations
or regions that previous learners predicted poorly. Gradient boosting can achieve high
predictive accuracy, but it is sensitive to hyperparameters such as learning rate, tree depth,
number of estimators, and subsampling strategy.

Histogram-Based Gradient Boosting accelerates gradient boosting by discretizing
continuous features into bins and searching for approximate split points using aggregated
gradient statistics [24]. This reduces computational and memory requirements and makes
boosting more scalable to large datasets. The approximation introduced by binning is often
acceptable when the number of bins and the binning strategy are well chosen. Handling of
missing values or categorical variables depends on the specific implementation and should
not be treated as an inherent property of histogram binning alone.

Tree ensembles are often strong practical candidates for nonlinear tabular regression.
They generally require less feature scaling than distance-based, kernel-based, or gradient-
based neural methods. Their main trade-off is interpretability: a single tree is transparent
but unstable, whereas ensembles are more accurate and stable but require summary tools,
feature importance measures, or post hoc explanation methods for interpretation.

3.5. Kernel-Based and Instance-Based Regression Models

Kernel-based and instance-based methods provide nonlinear flexibility by relying on
similarity relationships rather than explicit global linear structure.

Support Vector Regression formulates regression as a convex optimization problem
with an ε-insensitive loss and margin-based regularization [25]. Through the kernel trick,
SVR can implicitly map input data into high-dimensional feature spaces and represent
nonlinear relationships. The hyperparameters (C), ε, and the kernel parameters control the
trade-off between model complexity, tolerance to errors, and generalization. SVR can be
effective for small-to-medium datasets, but its computational cost and prediction time may
increase substantially with the number of support vectors.

ν-SVR is a related formulation in which the parameter µ controls the fraction of support
vectors and margin errors [26]. This can make model calibration more interpretable than
independently tuning (C) and ε, although practical performance still depends on the kernel
and scaling of the features. Like classical SVR, ν-SVR inherits the ability to model nonlinear
relationships through kernels while remaining sensitive to hyperparameter choices.

K-Nearest Neighbors regression predicts a response by averaging the target values of
the (k) nearest training observations in feature space [27]. It is non-parametric and requires
no explicit training beyond storing the data. Its flexibility comes from local averaging, but
its performance depends strongly on the choice of (k), the distance metric, feature scaling,
and the density of the training data. Prediction can be expensive for large datasets unless
efficient indexing or approximation methods are used.

Radius Neighbors regression generalizes the nearest-neighbor idea by averaging
observations within a fixed radius around the query point [28]. Unlike KNN, the number
of contributing neighbors can vary by region: dense regions may contain many neighbors,
while sparse regions may contain few or none. This makes the method adaptive to local
density, but it also introduces sensitivity to radius selection and fallback strategies for
empty neighborhoods.

Kernel-based and instance-based models are useful when local similarity or nonlinear
structure is central. They are usually scale-sensitive because distances and kernels depend
directly on feature magnitudes. For non-specialist users, this means that preprocessing
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and distance or kernel choice should be treated as part of the model, not as a separate
technical detail.

3.6. Neural-Network Regression Models

Neural networks approximate nonlinear functions through layers of weighted transfor-
mations and nonlinear activation functions [29]. In regression, the output layer is typically
designed to produce continuous predictions, while the hidden layers learn intermediate
representations of the input variables. Their training is usually based on backpropagation
and stochastic optimization. Neural networks are highly flexible, but they require careful
tuning, sufficient data, and appropriate scaling.

Deep Neural Network regression extends standard feedforward neural regression by
using multiple hidden layers. Its theoretical motivation is related to universal approxi-
mation results, which show that neural networks with suitable activation functions can
approximate continuous functions on compact domains under sufficient capacity [30].
Depth can also allow the network to represent compositional structures more efficiently
than shallow networks in certain problem classes [31]. Training is commonly performed us-
ing adaptive optimizers such as Adam [32]. Since the optimization problem is non-convex,
performance depends on architecture, initialization, learning rate, batch size, regulariza-
tion, and dataset size. Overfitting can be mitigated through early stopping, weight decay,
dropout, batch normalization, and related techniques [33,34].

Modern neural-network regression architectures adapt the general neural modeling
principle to specific data structures. Residual networks use shortcut connections to improve
the trainability of deeper models [35], and dense residual-style variants can be adapted
to tabular or continuous-input regression settings [36]. Convolutional and Temporal
Convolutional Networks are useful when input variables have spatial, temporal, spectral,
or ordered local structure; TCNs use causal and dilated convolutions to model long-range
dependencies efficiently [37]. Recurrent neural networks and Transformer-based models
are relevant for sequential regression problems, with Transformers replacing recurrence by
self-attention mechanisms [38].

Graph Neural Networks extend neural regression to data represented as graphs [39].
They are suitable when observations are linked by relational structure, such as molecules,
networks, power systems, or spatial interactions. Tabular neural models such as TabNet
use attention-based feature selection mechanisms to improve neural modeling of structured
datasets [40]. Physics-informed neural networks incorporate physical laws, often expressed
as differential equations, directly into the loss function [41], making them relevant when
prior scientific knowledge constrains the regression problem.

Neural regression models are most appropriate when nonlinear interactions are com-
plex, sufficient data are available, and predictive flexibility is more important than direct
interpretability. They are less suitable as default models for small tabular datasets unless
the architecture is justified by the structure of the input data. Their scaling requirements
and hyperparameter sensitivity should be explicitly considered in any practical workflow.

3.7. Symbolic and Evolutionary Regression Models

Symbolic regression differs from most black-box regression methods because it seeks
an explicit mathematical expression that maps inputs to a continuous output. Genetic
Programming regression represents candidate models as symbolic expression trees and
evolves them using evolutionary operators [42]. Internal nodes represent functions or oper-
ators, while terminal nodes represent variables or constants. The search process typically
includes initialization, fitness evaluation, selection, crossover, mutation, and replacement.
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The fitness function usually combines prediction error with a complexity penalty. This
is important because unconstrained Genetic Programming can generate unnecessarily large
expressions, a phenomenon often referred to as bloat. Parsimony pressure, expression
simplification, validation-based selection, and constraints on the primitive set are therefore
important for practical use. Recent symbolic regression systems often combine evolutionary
search with parameter optimization, simplification rules, dimensional constraints, or Pareto-
based selection to balance accuracy and complexity [43].

Memetic Genetic Programming extends symbolic regression by combining evolution-
ary structural search with local numerical optimization of constants. In this setting, the
evolutionary component searches over expression structures, while a local optimizer refines
continuous parameters within promising expressions. This separation of structural and
parametric optimization can improve numerical accuracy and convergence, but it also
increases computational cost and may reduce population diversity if local search is applied
too aggressively.

Symbolic and memetic regression models are most useful when the analytical form of
the resulting model is important. They are especially attractive in scientific and engineering
contexts where the goal is not only prediction but also model discovery, interpretability,
and hypothesis generation. Their limitations are high computational cost, sensitivity to
the choice of primitives and evolutionary parameters, and vulnerability to overfitting
noisy data.

3.8. Practical Implications of the Model-Family View

The model-family view clarifies that regression model selection should begin with the
modeling objective and data characteristics rather than with algorithm popularity. Linear
and regularized models provide transparent baselines and are well-suited to interpretable,
low-complexity workflows. Robust and distribution-aware methods should be consid-
ered when residual behavior, skewness, heteroscedasticity, or outliers are central. Online
methods are appropriate when data arrive sequentially or when memory constraints are
important. Tree ensembles are strong candidates for nonlinear tabular data, while kernel
and instance-based methods are useful when the similarity structure is meaningful. Neural
networks are justified when the data structure and sample size support high-capacity
representation learning. Symbolic regression is most relevant when explicit mathematical
form is a scientific requirement.

This organization also highlights that preprocessing and evaluation are not inde-
pendent of model choice. Regularized, kernel-based, distance-based, online, and neural
methods are usually scale-sensitive. Robust and distribution-aware models require atten-
tion to residual structure and target-variable properties. Ensemble models often reduce
preprocessing demands but introduce interpretability and tuning considerations. There-
fore, a regression workflow should select the model family, preprocessing strategy, and
evaluation metric jointly.

4. Synthesis of Application Domains and Methodological Trends
The reviewed application examples are synthesized here at the domain and method-

ological level rather than repeated after each individual model description. Their purpose
is not to demonstrate that a specific regression method is universally superior in a given
field, but to illustrate how model families are selected according to data structure, modeling
objective, interpretability requirements, robustness needs, and computational constraints.

Energy, building, and environmental applications show that regression workflows
often range from simple interpretable models to more flexible nonlinear methods. Lin-
ear regression has been used in building energy modeling [44], polynomial regres-
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sion in photovoltaic–thermal system modeling [45], Ridge regression in wind-speed
forecasting [46], and RANSAC in wind-power data analysis [47]. Gradient boosting re-
gression trees and Support Vector Regression have also been applied in energy-related
prediction tasks [48,49]. These examples indicate that linear and regularized models remain
useful when transparency and efficient estimation are important, while robust, kernel-based,
and ensemble methods become more relevant when nonlinear relationships, abnormal
measurements, or complex tabular interactions are present.

Industrial, manufacturing, and engineering applications further demonstrate the need
to balance accuracy, robustness, and operational interpretability. Bayesian Ridge regression
has been applied to mixed oil length prediction [50], Passive-Aggressive regression to drug
release modeling [51], Extra Trees to aluminum manufacturing [52], Radius Neighbors
regression to membrane separation processes [53], and neural-network-based approaches
to rubber blend mixing and dynamic-system approximation [54,55]. These cases suggest
that engineering data are often nonlinear, correlated, noisy, or collected under changing
operating conditions. Consequently, regularized and Bayesian models are useful for stable
estimation; instance-based methods may be suitable when local similarity is meaningful,
and ensemble or neural models may be justified when nonlinear interactions dominate.

Biomedical, pharmaceutical, and health-related examples emphasize robustness, non-
linear approximation, and interpretability. Huber regression has been used in pharmaceuti-
cal solubility estimation [56], ν-SVR in pharmaceutical modeling [57], and decision-tree-
based approaches in clinical decision contexts such as orthognathic surgery [58]. These
applications illustrate that biomedical regression problems often involve small or moderate
datasets, noisy measurements, and a need for interpretable or clinically meaningful outputs.
Robust regression and support-vector methods can be useful under such conditions, while
decision trees provide transparent rule-based structures, provided that instability and
overfitting are controlled through validation or comparison with ensemble alternatives.

Cybersecurity, reliability, and monitoring applications show the relevance of regression
models in high-dimensional and operational settings. Elastic Net regression has been used
for malicious attack detection [59], SGD-based optimization for intrusion detection system
performance evaluation [60], Random Forest regression for power-grid operation under
cyber-attacks [61], and KNN-based regression for latent defect identification in transistor
testing [62]. These examples highlight the importance of regularization, scalability, incre-
mental learning, nonlinear modeling, and feature-scaling awareness in monitoring-oriented
regression workflows.

Distribution-aware modeling appears in domains where the conditional mean is not
sufficient to describe the response. Poisson–Tweedie models have been used for cyclist crash
frequency estimation [63], while Quantile Regression has been applied to sports analytics
involving NBA game outcomes [64]. These examples show that Tweedie-type models
are appropriate when skewness, count-like behavior, zero inflation, or mean–variance
relationships are relevant, whereas quantile-based models are useful when lower, median,
and upper response regimes need to be distinguished.

Remote sensing, geospatial analysis, and scientific discovery emphasize robustness
and analytical transparency. Theil–Sen estimation has been used for UAV-based coral map-
ping under sun glint correction [65], while symbolic regression and Genetic Programming
have been explored for recovering or approximating physical laws from data [66]. These
examples illustrate that, in some scientific contexts, the objective is not only predictive
accuracy but also the recovery of explicit relationships that can be inspected, simplified, or
compared with domain theory.

Financial and market-related regression provides an example of scalable nonlinear
modeling for structured data. Histogram-based gradient boosting has been adapted to stock
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market analysis [67]. This reflects a broader trend in which boosting methods are attractive
for large, nonlinear, tabular datasets. However, in financial applications, validation must
explicitly account for temporal dependence, non-stationarity, and the risk of overfitting
historical patterns.

Across these domains, several methodological trends can be identified. First, sim-
ple and regularized linear models remain important because they provide interpretable,
computationally efficient, and stable baselines, especially when coefficient-level reason-
ing is valuable [44,46,59,68]. Second, nonlinear and ensemble methods are frequently
selected when tabular predictors contain interactions, thresholds, or complex nonlin-
ear patterns, as shown by applications involving decision trees, Random Forests, Extra
Trees, Gradient Boosting, Histogram-Based Gradient Boosting, SVR, KNN, and Radius
Neighbors [48,49,52,53,58,61,62,67]. Third, robust, probabilistic, online, and distribution-
aware methods should be viewed as responses to specific data conditions rather than
generic replacements for standard regression. Bayesian Ridge, SGD, Passive-Aggressive re-
gression, Tweedie regression, Quantile Regression, Huber regression, Theil–Sen estimation,
and RANSAC are most relevant when uncertainty, scalability, streaming updates, skewness,
heteroscedasticity, or outliers are central modeling concerns [47,50,51,56,60,63–65].

Overall, the application literature supports the central argument of this review: re-
gression models should not be ranked independently of the data and domain. Practical
model selection should begin with target-variable properties, sample size, dimensionality,
expected nonlinearity, outlier structure, interpretability requirements, and computational
constraints. The reviewed examples show that applied regression is not a single algorithmic
task, but a workflow design problem in which the model family, preprocessing strategy,
validation procedure, and evaluation metric must be selected together. The growing use
of predictive analytics across domains such as agriculture, environmental assessment,
software engineering, and symbolic reasoning calls for systematic guidance on model selec-
tion, preprocessing, and evaluation. Recent studies demonstrate that model effectiveness
depends strongly on data characteristics and analytical objectives [69–71].

5. Decision Dimensions for Model Selection
The previous sections reviewed regression model families and synthesized their ap-

plication domains. This section translates these methodological and empirical observa-
tions into a practical decision framework for selecting regression models in continuous
function approximation. The purpose is not to rank algorithms universally, but to de-
scribe how researchers can construct a transparent, reproducible, and objective-aligned
modeling workflow.

Regression model selection should not be reduced to choosing the algorithm with the
best score on a single metric. A model that performs well according to one criterion may
still be unsuitable if it is difficult to interpret, unstable under resampling, sensitive to pre-
processing, inconsistent with the target distribution, computationally infeasible, or poorly
aligned with the scientific objective. Model selection should therefore be treated as a work-
flow design problem in which the modeling objective, data characteristics, preprocessing
strategy, validation procedure, and evaluation metrics are considered jointly.

The decision dimensions discussed in this section should be interpreted as diagnostic
axes rather than fixed rankings. Properties such as interpretability, robustness, scalability,
uncertainty support, and tuning complexity are not absolute characteristics of a model fam-
ily. They depend on dataset size, dimensionality, noise structure, hyperparameter settings,
implementation choices, and the way the model is embedded in the complete workflow.
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5.1. Modeling Objective and Scientific Role of the Model

A regression workflow should begin with the role that the model is expected to play.
In some studies, the main objective is explanation: the researcher wants to understand
how input variables are associated with the continuous response. In other cases, the
primary goal is prediction, and interpretability may be secondary. A third situation is
uncertainty-aware decision-making, where prediction intervals, conditional quantiles, or
asymmetric errors are more important than a single point estimate. A fourth objective is
model discovery, where the aim is to identify an explicit functional relationship that can be
inspected, simplified, or compared with domain theory.

When explanation is the main goal, linear regression, regularized linear models, gen-
eralized linear or additive formulations, simple decision trees, and symbolic regression
may be appropriate candidates. These models can provide coefficient-level, rule-based, or
equation-based interpretation, although such interpretation remains valid only under ap-
propriate assumptions and sufficient data quality. A transparent model is not automatically
scientifically meaningful if its assumptions are violated or if the data do not support the
intended interpretation.

When predictive accuracy is the primary objective, more flexible nonlinear models
may be considered. Random Forests, Extra Trees, Gradient Boosting, Histogram-Based
Gradient Boosting, Support Vector Regression, neural networks, and modern boosting
frameworks can represent nonlinearities and interactions more effectively than simple
linear models. However, their additional flexibility should be justified by validation results,
not by algorithmic popularity. If a complex model improves only marginally over a simpler
baseline, the gain may not justify the loss of transparency, increased tuning effort, or higher
computational cost.

When uncertainty or distributional behavior is central, the workflow should include
models or extensions that provide more than point predictions. Bayesian Ridge, Gaus-
sian Process Regression, Quantile Regression, Tweedie Regression, probabilistic neural
approaches, and ensemble-based uncertainty approximations may be relevant, depending
on the target distribution and the type of uncertainty required. In such cases, uncertainty
estimates should be evaluated explicitly, because unvalidated intervals or quantiles can
create a misleading impression of reliability.

When the purpose is model discovery, symbolic regression and memetic Genetic
Programming are especially relevant because they can produce explicit analytical expres-
sions. These methods are attractive in scientific and engineering contexts where the final
model should support hypothesis generation or comparison with known physical laws.
Nevertheless, symbolic models require strict validation, because flexible symbolic search
can overfit noisy data or produce expressions that are accurate but unnecessarily complex
or physically implausible.

5.2. Target Variable, Input Features, and Data Structure

After the modeling objective has been clarified, the dataset should be examined before
candidate models are selected. The target variable should be inspected for scale, skew-
ness, boundedness, zero or near-zero values, heavy tails, outliers, and dynamic range.
These properties influence both model choice and metric selection. If the response is
approximately symmetric and continuous, least-squares-based methods may be suitable
starting points. If the target is strictly positive and strongly skewed, transformations such
as logarithmic, Box–Cox, or Yeo–Johnson transformations may improve model behav-
ior. Alternatively, distribution-aware models such as Tweedie Regression may be more
appropriate when the mean–variance relationship is part of the data-generating process.
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Targets with many zero or near-zero values require special attention. Percentage-based
metrics such as MAPE can become unstable or misleading in such cases, and relative errors
may no longer reflect the scientific importance of prediction errors. Absolute, squared,
scaled, or distribution-aware losses may be more appropriate. If the scientific interest
concerns lower or upper outcomes rather than the conditional mean, Quantile Regression
or quantile-based gradient boosting may be preferable to mean-based regression.

The dynamic range of the target variable also affects the workflow. Neural networks,
kernel-based methods, and gradient-based optimization procedures can be sensitive to
very large target magnitudes because loss gradients may become unstable. Output scaling
or target transformation can improve numerical behavior, but the inverse transformation
must be handled carefully during evaluation. A model trained on a transformed target
should normally be assessed on the original scale as well, because error behavior on the
transformed scale may not correspond to practical error behavior in the application domain.

Input features should be examined for scale differences, missing values, categorical
variables, multicollinearity, irrelevant predictors, outliers, and measurement errors. Scale
differences are especially important for regularized linear models, online learning methods,
kernel methods, distance-based methods, and neural networks. In these models, feature
magnitudes influence penalties, gradients, distances, or kernel values. Missing values,
feature selection, target transformations, categorical encoding, and scaling should be
performed inside the validation pipeline rather than before data splitting, because otherwise
information from the validation or test data may leak into training.

Sample size and dimensionality further constrain model choice. For small datasets,
simple and regularized models are often preferable because they reduce variance and are
easier to validate. Ridge, Lasso, Elastic Net, Bayesian Ridge, Support Vector Regression,
Gaussian Process Regression, and carefully constrained tree models can be reasonable
candidates, but flexible models can overfit when the number of observations is limited. In
high-dimensional settings, regularization, feature selection, dimensionality reduction, or
strong structural assumptions become important. Lasso can produce sparse models, Elastic
Net can handle groups of correlated predictors, and Ridge can stabilize coefficient estimates
under multicollinearity. For very large datasets, scalability becomes a dominant criterion,
making stochastic optimization, Passive-Aggressive regression, Histogram-Based Gradient
Boosting, Extra Trees, and other efficient ensemble or online methods more attractive.

The relationship between sample size and number of predictors is particularly impor-
tant. When the number of predictors is large relative to the number of observations, models
with explicit regularization or dimensionality control should be preferred. When the sam-
ple size is large and the feature space is moderate, more flexible nonlinear models can be
considered. Exact kernel methods, Gaussian Process Regression, KNN, Radius Neighbors,
and some symbolic regression approaches may become computationally expensive as
sample size increases unless approximate, sparse, or distributed variants are used.

5.3. Functional Form, Robustness, and Approximation Behavior

The expected functional relationship between inputs and outputs should guide the
selection of candidate model families. Some regression problems are approximately lin-
ear, while others involve curvature, thresholds, interactions, local effects, discontinuities,
sequential dependence, graph structure, or physical constraints. The practical question is
not simply whether a model is linear or nonlinear, but what kind of structure the data are
expected to contain.

When the relationship is approximately additive and linear, ordinary least squares and
regularized linear models are natural baselines. If mild curvature is expected, polynomial,
spline-based, or additive formulations can extend linear modeling while preserving some
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interpretability. Polynomial regression can capture smooth nonlinear trends, but the
number of terms grows rapidly with polynomial degree and feature count, increasing the
risk of overfitting.

When nonlinear interactions, thresholds, or heterogeneous feature effects are expected,
tree-based methods and ensembles are often effective. Single decision trees provide rule-
based interpretation, but they are unstable and prone to overfitting. Random Forests and
Extra Trees reduce variance through aggregation, while boosting methods sequentially
correct residual structure and often achieve strong predictive performance on structured
tabular data. These models are usually less sensitive to monotone transformations of
individual numerical features, but they still require careful validation, hyperparameter
control, and interpretation.

Kernel-based and instance-based models are useful when similarity in feature space
is meaningful. Support Vector Regression and Gaussian Process Regression can model
smooth nonlinear relationships through kernels, while KNN and Radius Neighbors rely
on local averaging. Their behavior depends strongly on scaling, kernel choice, distance
metric, neighborhood size, and local data density. These methods may perform well on
small-to-medium datasets, but computational cost and prediction time can become limiting
for large datasets.

Neural networks are appropriate when nonlinear interactions are complex, sufficient
data are available, and the input structure justifies high-capacity representation learn-
ing. Feedforward networks can model general nonlinear functions, while convolutional,
temporal, recurrent, attention-based, graph-based, tabular-attention, or physics-informed
architectures may be justified when the data contain spatial, temporal, sequential, relational,
structured-tabular, or physical information. Without such justification, neural networks
may be unnecessarily complex for small or moderate tabular datasets.

Robustness should be treated as a workflow requirement rather than a binary model
property. Real-world regression data often contain measurement noise, sensor faults,
data-entry errors, rare events, leverage points, or heavy-tailed residuals. Standard least-
squares models are sensitive to large residuals because squared loss penalizes large errors
disproportionately. Ridge and Lasso reduce coefficient variance but do not inherently
make the loss robust to outliers. Huber Regression can reduce the influence of vertical
outliers, while Quantile Regression can describe different parts of the conditional response
distribution. Theil–Sen and RANSAC may be useful under stronger contamination, but
their suitability depends on dimensionality, threshold choices, sampling strategy, and the
assumed inlier structure.

Tree ensembles often show empirical robustness through aggregation, but they are
not automatically robust to all forms of noise. Boosting methods may focus heavily on
difficult or noisy observations if regularization and loss functions are not chosen carefully.
KNN and Radius Neighbors can be strongly affected by local noise and irrelevant features.
Neural networks can overfit noise unless regularization, early stopping, and validation
are used. Therefore, the relevant question is not whether a model is robust in general, but
whether the workflow handles the specific type of noise or outlier structure present in
the data.

5.4. Preprocessing, Metrics, and Validation as Part of Model Selection

Preprocessing should be designed together with the candidate models. A comparison
between an unscaled scale-sensitive model and a tree ensemble is not a fair comparison
of model families; it is a comparison of incomplete workflows. Regularized linear models
should usually include feature standardization because penalties act on coefficient magni-
tudes. SGD-based models and neural networks usually benefit from input scaling because
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it improves numerical conditioning and convergence. Kernel and distance-based methods
require careful scaling because feature magnitudes directly define similarity. Tree-based
models are usually less sensitive to monotone transformations of individual numerical
variables, but missing values, categorical encoding, extreme outliers, and implementation-
specific behavior still need to be handled explicitly.

Metric selection should also be part of the workflow design rather than an afterthought.
Squared-error metrics such as MSE and RMSE are appropriate when large errors should
be penalized strongly. MAE is easier to interpret in the original target units and is less
dominated by extreme residuals. Percentage-based metrics can support relative interpre-
tation, but they are unreliable when targets are zero or close to zero. R2 and adjusted R2

describe explained variance and can be useful for comparison, but they should not be the
only evidence of predictive usefulness. Huber loss is relevant when moderate robustness is
needed, while quantile loss is appropriate when asymmetric errors or conditional quantiles
are part of the modeling objective.

The selected metrics should reflect the scientific or practical cost of prediction errors.
A model intended for operational prediction should not be judged only by average error if
rare but large errors are critical. A model intended for scientific explanation should not
be evaluated only by predictive accuracy if the interpretation of parameters or discovered
relationships is central. A model intended to support uncertainty-aware decisions should
be evaluated not only by point-prediction error, but also by calibration, interval coverage,
or quantile behavior.

Validation should evaluate complete workflows rather than isolated algorithms. Scal-
ing parameters, imputers, feature selection procedures, target transformations, hyper-
parameter tuning, and model fitting should be applied within the training portion of
each validation split. The validation or test data should not influence preprocessing or
model selection decisions. This is especially important when comparing models with
different preprocessing requirements, because leakage can make performance estimates
overly optimistic.

The validation design should reflect the structure of the data. Random cross-validation
may be appropriate when observations are independent and identically distributed. Tem-
poral data require time-aware splits to avoid training on future information. Grouped data,
such as repeated measurements from the same subject, machine, location, or experiment,
require group-aware validation so that observations from the same group do not appear
in both training and testing sets. If the data contain hierarchical, spatial, temporal, or
experimental structure, the validation design should respect that structure.

5.5. Baseline Models, Workflow Comparison, and Model Justification

A practical regression workflow should include at least one simple baseline model. The
baseline provides a transparent reference point for judging whether more complex models
are actually necessary. In many applications, ordinary least squares, Ridge regression, Lasso,
Elastic Net, or another regularized linear model can serve as a starting point. For nonlinear
problems, a shallow decision tree or a simple tree ensemble may provide an interpretable
nonlinear baseline.

The purpose of the baseline is not necessarily to achieve the best performance. Its role
is to create a reproducible comparison. If a complex model improves only slightly over
a simple baseline, the researcher should consider whether the improvement justifies the
additional tuning burden, reduced interpretability, higher computational cost, or lower
transparency. Conversely, if the baseline performs poorly and residual diagnostics reveal
systematic nonlinear structure, more flexible models may be justified.
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After the baseline is established, the researcher should compare a small set of candidate
model families that represent meaningfully different assumptions and approximation
strategies. The goal is not to test every available algorithm, but to evaluate models that are
plausible given the modeling objective and data conditions. A reasonable comparison may
include an interpretable baseline, a regularized or robust alternative, a nonlinear ensemble
method, and, where justified, a kernel-based, neural, probabilistic, or symbolic model.

Model comparison should consider multiple criteria. Predictive performance is impor-
tant, but it should be assessed together with validation stability, interpretability, robustness,
scalability, computational cost, tuning complexity, uncertainty support, and reproducibil-
ity. A boosting model may provide the lowest RMSE, but a Ridge or Elastic Net model
may be preferable if the performance difference is small and interpretability is essential.
A neural network may be justified if it substantially improves performance on a large and
structurally complex dataset, but it may be inappropriate when simpler models perform
similarly on a small tabular dataset.

The bias–variance trade-off provides a useful conceptual lens for interpreting these
comparisons. Simple linear models may underfit complex relationships but often have low
variance and strong transparency. Polynomial models, trees, ensembles, kernels, nearest-
neighbor methods, neural networks, and symbolic regression increase flexibility in different
ways, but they also introduce additional risks of overfitting, instability, or computational
burden. Regularization, aggregation, margin control, neighborhood size, architecture
design, early stopping, and parsimony pressure are all mechanisms for managing this
trade-off. In applied research, the most reliable model is not necessarily the one with
the lowest training error, but the one whose validation performance is stable and whose
assumptions match the data and objective.

Sensitivity analysis should accompany model comparison. If rankings change sub-
stantially under different validation splits, preprocessing choices, hyperparameter ranges,
or evaluation metrics, the results should be interpreted cautiously. Such instability may
indicate that the dataset is too small, the models are too flexible, the preprocessing is
influential, or the chosen metric does not adequately represent the modeling objective.
Stability across reasonable workflow choices is an important indicator of reliability.

5.6. Interpretation, Reporting, and Limitations

After model selection, the final model should be interpreted using methods appro-
priate to its model family and the research objective. For linear models, coefficients,
standardized effects, confidence intervals, and residual diagnostics may be relevant. For
regularized models, the stability of selected variables should be examined. For decision
trees, split rules and decision paths can support interpretation. For tree ensembles and
other complex models, feature importance, partial dependence, accumulated local effects,
SHAP-type explanations, or other post hoc tools may provide useful summaries, but they
should be presented as approximations rather than definitive causal explanations.

Residual analysis remains important regardless of the model family. Residual plots
can reveal heteroscedasticity, systematic bias, nonlinear patterns, outliers, or regions of
poor performance. Prediction errors should also be examined across relevant subgroups,
operating conditions, or target ranges. A model that performs well on average may still fail
in scientifically or practically important regions. If uncertainty estimates are provided, they
should be checked for calibration and coverage, because unreliable uncertainty estimates
can be more misleading than point predictions alone.

The final workflow should be reported transparently. A regression study should
describe the modeling objective, dataset characteristics, preprocessing steps, validation
design, model families compared, hyperparameter search space, evaluation metrics, soft-
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ware environment, and random seeds where applicable. The selected model should be
justified using the decision dimensions of the study rather than only a performance table.
For example, the chosen model may be preferred because it provides an acceptable balance
between accuracy and interpretability, because it handles outliers more reliably, because it
scales to the available dataset, or because it supports uncertainty estimation required by
the application.

Limitations should be stated explicitly. These may include small sample size, restricted
validation data, sensitivity to hyperparameters, limited interpretability, lack of external
validation, unvalidated uncertainty estimates, or uncertain generalization to new domains.
Transparent reporting helps prevent overstatement of model performance and supports
responsible use of regression models in applied continuous function approximation.

Overall, the proposed decision framework emphasizes that regression model selection
is not an isolated algorithmic choice. It is a structured workflow in which the modeling
objective, target-variable properties, input-feature characteristics, expected functional form,
robustness requirements, preprocessing pipeline, validation design, evaluation metrics,
interpretability needs, and computational constraints must be aligned. This perspective
supports reproducible and scientifically grounded regression workflows while leaving
final model choice to empirical validation on the user’s own data. For an overview, please
consider Table 1.

Table 1. Summary of the regression model families.

Model Family Best Aligned with Main Selection Cautions

Linear, polynomial, and
regularized models OLS,
Polynomial, Lasso, Ridge,

Elastic Net, Bayesian Ridge

Transparent baseline modeling,
coefficient-level interpretation,

low-complexity workflows, and
high-dimensional settings where

regularization is useful.

Limited flexibility unless nonlinear features are
introduced; regularized and polynomial
models are scale-sensitive and require

validation of feature choice and
penalty settings.

Online linear methods
SGDRegressor,

Passive-Aggressive

Large-scale, streaming, or
incrementally updated regression

tasks where memory use and
update speed are important.

Mostly linear unless features are engineered;
sensitive to feature scaling, learning settings,
stopping criteria, and tolerance parameters.

Robust and distribution-aware
models Tweedie, Quantile,

Huber, Theil–Sen, RANSAC

Skewed, heteroscedastic,
zero-inflated, asymmetric, or

outlier-contaminated
response behavior.

Require suitable distributional, quantile,
threshold, or inlier assumptions; robustness
should be checked with residual diagnostics

and validation stability.

Tree-based and ensemble
models Decision Tree,

Random Forest, Extra Trees,
Gradient Boosting,

HistGradientBoosting

Nonlinear tabular data,
interactions, threshold effects, and

cases where extensive feature
engineering should be avoided.

Single trees may be unstable; ensembles reduce
variance but increase tuning burden and

reduce direct interpretability; overfitting must
be controlled.

Kernel-based models
SVR, ν-SVR

Small-to-medium nonlinear
problems where margin-based

fitting and kernel similarity
are appropriate.

Strongly affected by scaling, kernel choice, and
hyperparameters; computational cost can
increase with dataset size and number of

support vectors.

Instance-based models KNN,
Radius Neighbors

Local similarity-based regression
where nearby observations are

expected to have similar
target values.

Sensitive to feature scaling, distance metric,
dimensionality, neighborhood size or radius,

sparse regions, and prediction-time cost.
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Table 1. Cont.

Model Family Best Aligned with Main Selection Cautions

Neural-network models MLP,
DNN, structured neural

regressors

Complex nonlinear or structured
high-dimensional inputs when

sufficient data and tuning
resources are available.

Require careful input and often output scaling;
hyperparameter-sensitive, data-hungry, less

directly interpretable, and prone to overfitting
without regularization.

Symbolic and evolutionary
models Genetic Programming,

Memetic GP

Model discovery, explicit
analytical expressions, hypothesis
generation, and comparison with

domain theory.

Computationally expensive; sensitive to
primitive set, parsimony pressure, local search

settings, and validation against noisy or
physically implausible expressions.

Note: The table summarizes diagnostic tendencies rather than fixed rankings. Model suitability depends on the
modeling objective, dataset size, dimensionality, noise and outlier structure, preprocessing choices, validation
design, implementation details, and evaluation metrics.

6. Data Scaling Recommendations
Feature scaling is an important preprocessing step when regression algorithms are

sensitive to the magnitude, range, or distribution of the input variables. Although tree-
based models are usually less affected by monotone transformations, regularized linear
models, kernel methods, distance-based regressors, and neural networks often require
careful scaling for stable optimization and meaningful parameter penalization.

This section distinguishes between input scaling, applied to predictors, and output
scaling, applied to the target variable. It reviews standardization, min–max rescaling, robust
scaling based on medians and interquartile ranges, and power or quantile transformations
for skewed or heavy-tailed data. The aim is to relate each preprocessing choice to the model
families for which it is most relevant (see Table 2).

Table 2. Data scaling method recommendations for regression models.

Regressor Model Input Scaler Output Scaler

Linear Regression Std, MaxAbs a NR b

Polynomial Regression Poly + Std, MaxAbs a NR b

Lasso/Ridge/Elastic Net Std, MaxAbs a NR b

Bayesian Ridge Std, MaxAbs a NR b/Std c

SGD/Passive-Aggressive Std, MaxAbs a Std c

Tweedie Rob, Power c Rob, Power c

Quantile/Huber Rob Rob, Power c

Theil–Sen/RANSAC Rob NR b

Decision Tree/Random Forest/Extra Trees NR b NR b

Gradient
Boosting/HistGB/XGBoost/LightGBM/CatBoost NR b/Quantile c NR b

SVR/ν-SVR Std, Power c, Quantile c, MaxAbs a, Norm d Std, Power c

Gaussian Process Regression Std, Power c/Quantile c Std/Power c

KNN/Radius Neighbors Std, Rob, MinMax, MaxAbs a, Norm d NR b

MultiLayer Perceptron Std, Power c Std, Power c

Deep Neural Network Std, Rob, Power c, Quantile c Std, Rob, Power c

Genetic Programming/Memetic GP Std, Rob, Power c Std, Rob, Power c

Abbreviations: Std = StandardScaler; Rob = RobustScaler; MinMax = MinMaxScaler; MaxAbs = MaxAbsScaler;
Quantile = QuantileTransformer; Power = PowerTransformer; Norm = Normalizer; Poly = PolynomialFeatures;
NR = normally not required; HistGB = Histogram-Based Gradient Boosting. Notes: a Prefer MaxAbs for sparse
or high-dimensional inputs. b NR means normally not required, not forbidden. c Use only when justified by
skewness, heavy tails, large dynamic range, or validation results. d Use Normalizer only when angular or
compositional similarity is meaningful.
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6.1. Input and Output Scaling

Input scaling is used to normalize or standardize predictors so that they have compa-
rable ranges or distributions. This is important for models that rely on gradient descent,
regularization, distance calculations, or kernel evaluations, because large differences in
feature magnitude can produce uneven learning, slow convergence, or unstable solutions.

Output scaling transforms the target variable. It is mainly used to stabilize learning in
models that are sensitive to the magnitude of prediction errors, including neural networks
and some kernel-based regressors. Output scaling is particularly useful when target values
have a large dynamic range or a strongly skewed distribution. After prediction, the inverse
transformation should be applied so that model performance and interpretation can be
assessed on the original target scale.

6.2. Standard Scaling

Standard Scaler centers each input feature and scales it to unit variance. It is com-
monly used with linear, regularized, support-vector, and gradient-based models because it
improves numerical conditioning and makes coefficient penalties more comparable across
predictors. The transformation does not require Gaussian feature distributions, but it is
sensitive to outliers because it relies on the mean and standard deviation. For neural net-
works and other scale-sensitive models, standardizing the target variable can also stabilize
loss magnitudes and gradient updates.

6.3. Min–Max Scaling

Min–Max Scaler rescales data to a bounded range (e.g., [0, 1]), preserving the feature’s
relative distribution. Min–max scaling can be useful for bounded or saturation-prone
activation functions such as sigmoid or tanh. For ReLU networks, scaling may still help
optimization, but ReLU itself is not bounded. For outputs, min–max scaling is most
appropriate when the target values are naturally bounded or the model expects outputs
within a fixed range (e.g., image pixel intensities in deep learning). Output min–max
scaling is also appropriate when the modeling pipeline explicitly includes the inverse
transformation. For unbounded regression problems, however, this scaling may cause loss
of distortion or poor extrapolation after inverse transformation.

6.4. Robust Scaling

Robust Scaler uses the median and interquartile range (IQR), making it highly resistant
to outliers and skewed distributions. This is beneficial for both inputs and outputs when the
dataset contains anomalies or heavy tails. Scaling targets using this method is particularly
effective when training models on financial, biomedical, or real-world data where extreme
values might otherwise dominate the loss function.

6.5. Power Transformer

The Power Transformer (Box–Cox or Yeo–Johnson) helps transform skewed distri-
butions into more Gaussian-like shapes; Box–Cox requires strictly positive data, whereas
Yeo–Johnson can handle zero and negative values. It is useful for inputs when features
exhibit skew and improves model assumptions for linear or kernel regressors. When
applied to outputs, these transformations can make exponential or multiplicative rela-
tionships easier to model and can improve numerical stability. Examples include log
sales, incidence rates, or other strictly positive targets with strong skewness, provided that
inverse-transformed predictions are evaluated on the original scale.
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6.6. Quantile Transformer

The Quantile Transformer maps features or targets to follow a uniform or normal
distribution using empirical quantiles. While powerful for reshaping marginal feature
distributions, especially for methods sensitive to feature distributions or distances, it is
generally less essential for tree-based models, which are mostly insensitive to monotonic
feature scaling. It can distort the actual numeric relationships if the inverse transformation
is imperfect, especially at distribution tails.

6.7. Max-Abs Scaling

Max-Abs Scaler rescales each feature by dividing it by its maximum absolute value,
mapping values into the interval [−1, 1] while preserving the sign of the original data.
This method is especially useful for sparse or high-dimensional input data, because it
does not subtract the mean and therefore preserves sparsity. It may be beneficial for
linear, regularized, online, kernel-based, and distance-based regression models when
feature magnitudes differ substantially. However, since the scaling factor depends on the
maximum absolute value, it remains sensitive to extreme observations. For output scaling,
MaxAbsScaler is less commonly used, but it may be appropriate when the target variable
has a meaningful symmetric range around zero.

6.8. Vector Normalization

Vector normalization rescales each input sample rather than each feature, usually to
unit L2-norm. It is useful when the direction or relative composition of a feature vector is
more important than its absolute magnitude, such as in sparse, frequency-based, or text-like
representations. In regression workflows, it can support distance-based, kernel-based, and
linear models when angular or cosine-like similarity is meaningful. However, it should not
be used as a general replacement for feature-wise scaling, because it removes magnitude
information from each sample. For standard scalar regression targets, vector normalization
is generally not recommended as an output transformation.

7. Evaluation Metrics and Diagnostics
Evaluation metrics are essential components of regression model selection because

they determine how prediction errors are quantified, compared, and interpreted. Different
metrics emphasize different aspects of error behavior. Squared-error metrics penalize large
residuals strongly, absolute-error metrics provide more robust average error estimates,
percentage-based metrics support relative interpretation under suitable conditions, and
quantile-based losses allow asymmetric error evaluation. Therefore, the choice of metric
should be aligned with the target-variable properties, residual structure, modeling objective,
and practical consequences of prediction errors.

No single metric is universally appropriate for all regression problems. A model that
performs well according to RMSE may not be preferable if the application requires robust-
ness to outliers, relative error interpretation, uncertainty-aware prediction, or balanced
performance across different target ranges. For this reason, evaluation metrics should be
selected before final model comparison and interpreted together with residual diagnostics,
validation stability, and domain-specific requirements.

7.1. Squared and Absolute Error Metrics

The most widely used regression metrics are based on residuals ri = yi − ŷi, where yi

is the observed value and ŷi is the predicted value. Mean Squared Error (MSE) measures
the average squared residual:
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MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (1)

MSE is smooth and well-suited for optimization, but it is highly sensitive to large
errors because residuals are squared. It is useful when large deviations should be penalized
strongly or when Gaussian error assumptions are appropriate.

Root Mean Squared Error (RMSE) is the square root of MSE:

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (2)

RMSE preserves the strong penalty on large errors while returning the result to the
original unit of the target variable. This makes it easier to interpret than MSE in applied
contexts, although it remains sensitive to outliers.

Mean Absolute Error (MAE) measures the average absolute residual:

MAE =
1
n

n

∑
i=1

|yi − ŷi| (3)

MAE is less sensitive to extreme residuals than MSE or RMSE and is directly in-
terpretable in the original target units. It is appropriate when all deviations should be
penalized approximately equally. However, because the absolute value is non-differentiable
at zero, MAE can be less convenient for some gradient-based optimization procedures.

Taken together, MSE and RMSE are preferable when large errors are especially unde-
sirable, while MAE is preferable when robustness and direct interpretability of average
error are more important.

7.2. Relative and Explanatory Metrics

Mean Absolute Percentage Error (MAPE) expresses prediction error as a percentage of
the observed value:

MAPE =
100%

n

n

∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (4)

MAPE can be useful when the target variable is strictly positive and relative error
interpretation is important. However, it becomes unstable or undefined when yi = 0
and can be misleading when target values are close to zero. Therefore, MAPE should
not be used when the response contains zero or near-zero values unless an appropriate
modification is introduced and justified.

The coefficient of determination, R2, measures the proportion of variance in the target
variable explained by the model:

R2 = 1 − ∑i(yi − ŷi)
2

∑i(yi − y)2 (5)

where y is the mean of the observed target values. R2 is useful for describing explanatory
fit relative to a mean baseline, but it should not be interpreted as a complete measure of
predictive usefulness. A high R2 does not guarantee good generalization, robustness, or
appropriate residual behavior.

Adjusted R2 modifies R2 by accounting for the number of predictors:

R̂2 = 1 −
(

1 − R2
) n − 1

n − p − 1
(6)
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where p is the number of predictors. It is particularly useful when comparing models with
different numbers of input variables, because it penalizes unnecessary model complexity.
However, like standard R2, it should be interpreted together with validation results and
residual diagnostics.

7.3. Robust and Asymmetric Loss Functions

Huber loss combines the local sensitivity of squared error with the robustness of
absolute error. For a residual r = y − ŷ, it is defined as:

Lδ(r) =

{ 1
2 ·r2 i f r ≤ δ

δ
(
|r| − 1

2 δ
)

i f r > δ
(7)

For small residuals, Huber loss behaves like squared-error loss and provides smooth
gradients. For large residuals, it becomes linear and reduces the influence of outliers. It is
therefore appropriate when most residuals are expected to be small, but occasional large
deviations should not dominate the evaluation or training objective.

Quantile loss, also known as pinball loss, is used to estimate conditional quantiles
rather than the conditional mean. For the quantile level τ ∈ (0, 1), it is defined as:

Lτ(r) =

{
τ·r i f r ≥ 0

(τ − 1)·r i f r < 0
(8)

or equivalently:
Lτ(r) = max(τr, (τ − 1)r) (9)

For τ = 0.5, quantile loss estimates the conditional median and corresponds to
minimizing absolute error. For other quantile levels, it penalizes underestimation and
overestimation asymmetrically. This makes it useful when lower or upper parts of the
conditional response distribution are more important than the mean, or when different
practical consequences are associated with under- and over-prediction.

7.4. Metric Selection Based on Data and Modeling Requirements

Metric selection should be guided by the target distribution, residual behavior, and
application objective. When the target variable is approximately symmetric and large errors
should be penalized strongly, MSE or RMSE are appropriate. When the response is skewed,
heavy-tailed, or affected by outliers, MAE, Huber loss, or Quantile loss may provide more
stable and interpretable assessments. When the target is strictly positive and the relative
error is meaningful, MAPE can be used, but it should be avoided when zero or near-zero
values occur. When explanatory fit or model complexity is important, R2 and adjusted R2

can be informative, but they should not replace validation-based error metrics.
The practical cost of prediction errors should also influence metric choice. RMSE

is suitable when rare but large errors are critical, because it penalizes large residuals
more strongly. MAE is more appropriate when deviations of different magnitudes should
contribute more uniformly to the evaluation. Quantile loss is suitable when asymmetric
risks are present, for example, when under-prediction is more costly than over-prediction,
or when upper and lower predictive bounds are required.

In applied regression studies, it is often useful to report more than one metric. A com-
bination of RMSE and MAE can distinguish large-error sensitivity from average absolute
deviation. Adding R2 or adjusted R2 can help describe explanatory fit, while Huber or
Quantile loss can support robustness or risk-aware evaluation. However, the primary
metric should be selected before final model comparison and justified according to the
modeling objective.
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Residual diagnostics should accompany numerical metrics. Residual plots can reveal
systematic bias, heteroscedasticity, nonlinear structure, outliers, or poor performance in
specific target ranges. A model with a favorable average error may still be unsuitable if
residuals show systematic patterns or if errors are concentrated in scientifically impor-
tant regions. Therefore, regression evaluation should combine numerical metrics with
diagnostic analysis and validation stability (see Table 3).

Table 3. Summary table of evaluation metrics.

Metric Sensitivity to
Outliers Scale-Dependent Relative

Error Interpretation Optimization Suitability

MSE High Yes No Moderate Excellent (smooth)

RMSE High Yes No Easy Excellent

MAE Low Yes No Easy Moderate (non-diff at 0)

MAPE High (low y) No Yes Easy Poor for y = 0 cases

R2 Moderate No No Easy Good (interpretable)

Adj. R2 Moderate No No Easy Good for model selection

Huber Low Yes No Easy Excellent (smooth, convex)

Quantile/Pinball Low Yes No Moderate Moderate (non-diff at 0)

Overall, evaluation metrics should not be treated as neutral reporting tools. They
encode assumptions about which errors matter, how residuals should be penalized, and
what kind of model behavior is considered desirable. A transparent regression workflow
should therefore justify metric choice explicitly and interpret performance results in relation
to the data, the validation design, and the scientific or practical objective.

8. Conclusions
This review synthesized regression models for continuous function approximation

from a workflow-oriented perspective. The central finding is that no model family is uni-
versally optimal: suitability depends on the modeling objective, target-variable properties,
feature structure, sample size, noise and outlier patterns, interpretability requirements,
computational constraints, and validation design.

Linear and regularized models remain valuable transparent baselines, while robust
and distribution-aware methods are useful when residual behavior, skewness, heteroscedas-
ticity, or outliers are central. Tree ensembles are strong candidates for nonlinear tabular
data, whereas kernel-based, instance-based, neural, probabilistic, and symbolic approaches
should be selected when their assumptions match the data structure and research objective.

The proposed framework therefore recommends evaluating complete workflows
rather than isolated algorithms. Model family, preprocessing strategy, validation pro-
cedure, and evaluation metrics should be chosen jointly, and final selection should be
justified through empirical validation, diagnostic checks, and domain knowledge. Un-
der this perspective, regression modeling becomes a structured methodological design
problem aimed at producing accurate, reproducible, interpretable, and practically feasible
continuous-function approximations.
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MAE Mean Absolute Error
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54. Kopal, I.; Labaj, I.; Vršková, J.; Harničárová, M.; Valíček, J.; Bakošová, A.; Tozan, H.; Khanna, A. Predictive Modelling and
Optimisation of Rubber Blend Mixing Using a General Regression Neural Network. Polymers 2025, 17, 1868. [CrossRef] [PubMed]

55. Mihalev, G. Approximation of Dynamic Systems Using Deep Neural Networks and Laguerre Functions. Eng. Proc. 2025, 104, 22.
[CrossRef]

56. Liu, J.; Hao, J.; Dunabuqi, S.; Zhao, H.; Li, Y.; Wu, Q.; Bai, M. Intelligence modeling of pharmaceutical solubility in supercritical
CO2: Polynomial regression, extra trees, and Huber regression models and validation. Chin. J. Phys. 2025, 97, 1024–1035.
[CrossRef]
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