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Abstract—Reliable evaluation of regression models has become
a central concern in modern data-driven decision systems, where
predictive accuracy must be interpreted alongside robustness, in-
terpretability, and operational feasibility. Despite the widespread
adoption of regression algorithms such as Linear Regression,
Random Forest Regressor, Support Vector Regression, and Gra-
dient Boosting methods, the selection of appropriate evalua-
tion metrics remains inconsistent across application domains.
Metrics including Mean Absolute Error (MAE), Mean Squared
Error (MSE), Root Mean Square Error (RMSE), coefficient
of determination (R?), and Adjusted R> are frequently re-
ported; however, their comparative behavior under varying data
characteristics—such as noise, outliers, multicollinearity, and
sample size—has not been systematically synthesized in a unified
framework.

This study presents a structured comparative review of com-
monly used regression evaluation metrics based on a systematic
analysis of peer-reviewed literature and experimental evidence
reported across real-world datasets, including housing price pre-
diction, energy consumption forecasting, and healthcare outcome
modeling. The review methodology incorporates defined search
strategies, inclusion criteria, and cross-domain evidence synthesis
to ensure methodological transparency and reproducibility. The
analysis highlights that error-based metrics demonstrate strong
sensitivity to large deviations and data dispersion, whereas
goodness-of-fit measures provide broader insights into model
explanatory power but may obscure model complexity effects
when multiple predictors are involved. Furthermore, the findings
reveal practical trade-offs between interpretability and statistical
sensitivity, emphasizing the importance of context-aware metric
selection in operational environments.

The primary contribution of this work lies in providing
a consolidated, application-oriented comparison of regression
evaluation metrics that supports researchers and practitioners
in selecting appropriate performance measures for reliable and
interpretable predictive modeling in real-world scenarios.

Keywords— Regression Evaluation Metrics, Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), R-squared (R?),
Adjusted R-squared, Model Performance Evaluation, Predictive
Modeling, Machine Learning Evaluation

I Introduction
A. Background

The rapid expansion of data-centric technologies has trans-
formed the way organizations design predictive systems and
interpret operational outcomes. Advances in machine learn-
ing and statistical modeling have enabled the development
of sophisticated regression algorithms capable of capturing
complex relationships among variables in domains such as
finance, healthcare, energy management, and urban planning

[1, 2]. Contemporary predictive frameworks frequently employ
models such as Linear Regression, Support Vector Regression,
Random Forest Regressors, and Gradient Boosting Machines
to generate numerical forecasts from structured and semi-
structured datasets [3, 4]. These models are routinely evaluated
on benchmark datasets including the Boston Housing dataset,
California Housing dataset, and energy consumption datasets
from smart grid environments, where performance assessment
plays a decisive role in determining model suitability for
deployment [5, 6].

Despite substantial progress in algorithmic development,
the reliability of predictive systems ultimately depends on the
rigor of performance evaluation. Regression evaluation metrics
serve as quantitative indicators that translate prediction errors
into interpretable measures of model effectiveness [7]. Widely
adopted metrics such as Mean Absolute Error (MAE), Mean
Squared Error (MSE), Root Mean Square Error (RMSE),
coefficient of determination (R2), and Adjusted R? provide
complementary perspectives on prediction accuracy and model
explanatory power [8]. However, each metric is governed by
distinct statistical properties and sensitivity characteristics. For
example, squared-error metrics penalize large deviations more
aggressively than absolute-error measures, while goodness-of-
fit metrics quantify variance explanation rather than direct
prediction error [9]. Consequently, selecting an appropriate
evaluation metric requires careful consideration of dataset
distribution, noise levels, and modeling objectives.

Figure 1 illustrates the increasing adoption of regression
evaluation metrics in published machine learning studies over
the last decade. The upward trajectory reflects the growing
emphasis on transparent and reproducible model validation
practices in both academic and industrial settings.

B. Problem Statement

Although numerous regression evaluation metrics are avail-
able, their practical interpretation and comparative applicabil-
ity remain a subject of ongoing debate among researchers and
practitioners. Many studies report multiple metrics simultane-
ously without establishing clear guidelines regarding metric
prioritization or contextual relevance [10]. This practice often
leads to inconsistent conclusions, particularly when datasets
exhibit heteroscedasticity, skewness, or outlier contamination.
In high-stakes environments such as medical prognosis or
financial risk estimation, an inappropriate metric selection
may produce misleading assessments of predictive reliability
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Fig. 1: Trend illustrating the increasing use of regression evaluation metrics in predictive modeling research, with year-over-year percentage

growth annotated.

[11]. Furthermore, the absence of standardized evaluation
frameworks complicates cross-study comparisons and under-
mines reproducibility, which is a fundamental requirement for
scientific validation [12].

C. Research Motivation

The growing reliance on predictive analytics in real-world
decision systems has intensified the demand for reliable and
interpretable performance evaluation strategies. Organizations
deploying regression models must ensure that performance
indicators accurately reflect operational risk, model stability,
and generalization capability [13]. For instance, energy de-
mand forecasting systems rely on precise error quantification
to maintain grid stability, while healthcare prediction mod-
els depend on robust evaluation metrics to support clinical
decision-making [14]. These application-driven requirements
highlight the need for a systematic comparison of regression
metrics that extends beyond theoretical definitions and incor-
porates empirical evidence from diverse datasets and modeling
scenarios.

To illustrate the conceptual workflow underlying regression
model evaluation, Figure 2 presents a structured process di-
agram describing the sequential stages of data preparation,
model training, prediction, and metric-based validation. The
diagram adopts a neutral academic color scheme to emphasize
clarity and readability in technical documentation.

D. Objectives

In response to these challenges, this study aims to pro-
vide a structured and evidence-based examination of widely
used regression evaluation metrics across real-world predictive

Dataset
Collection

Data
Preprocessing

Regression
Model Training

Prediction
Generation

Performance
Evaluation

Fig. 2: General workflow for regression model development and
evaluation using quantitative performance metrics.

modeling contexts. The objectives include reviewing the the-
oretical foundations of common metrics, comparing their sta-
tistical behavior under diverse data conditions, and analyzing
their practical relevance in application-driven environments.
Additionally, the study seeks to identify methodological in-
consistencies in existing research and highlight areas where
improved evaluation strategies can enhance model reliability
and interpretability.

E. Contribution of the Paper

The contribution of this work lies in delivering a com-
prehensive comparative perspective on regression evaluation
metrics supported by empirical observations from real-world
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datasets and established machine learning algorithms. By
synthesizing theoretical insights with practical evidence, the
study provides a systematic reference framework that can
guide researchers and practitioners in selecting appropriate
evaluation metrics for reliable predictive modeling and trans-
parent performance assessment.

II Review Methodology

A systematic and transparent review methodology was
adopted to ensure the reliability and reproducibility of the
comparative analysis presented in this study. The methodolog-
ical design follows established evidence synthesis practices
commonly used in data science and predictive analytics re-
search, where structured literature identification and screen-
ing procedures are essential for minimizing selection bias
and enhancing analytical consistency. The review focused on
studies examining regression model evaluation using widely
recognized performance metrics such as Mean Absolute Error
(MAE), Mean Squared Error (MSE), Root Mean Square Error
(RMSE), coefficient of determination (R?), and Adjusted R?
across real-world predictive modeling scenarios.

The search strategy involved a comprehensive keyword-
based retrieval process conducted over the publication period
from 2015 to 2025 to capture recent developments in machine
learning evaluation practices. Keywords such as “regression
evaluation metrics,” “model performance assessment,” “fore-
cast accuracy measures,” and “predictive model validation”
were systematically combined using Boolean operators to
improve search precision. Major academic databases includ-
ing IEEE Xplore, ScienceDirect, SpringerLink, Scopus, and
Google Scholar were consulted to ensure broad disciplinary
coverage and inclusion of peer-reviewed studies reporting
experimental evaluations on datasets such as housing price pre-
diction, energy demand forecasting, and healthcare outcome
modeling.

To maintain methodological rigor, only peer-reviewed jour-
nal articles and conference proceedings written in English and
presenting explicit regression performance evaluation results
were considered eligible for inclusion. Studies focusing ex-
clusively on classification metrics, lacking quantitative perfor-
mance measures, or originating from non-scholarly sources
were excluded to preserve analytical relevance. The study
selection process followed a structured screening workflow,
beginning with initial record identification, followed by ab-
stract review, eligibility assessment, and final inclusion, as
illustrated in Figure 3. This staged filtering approach enabled
the consolidation of high-quality evidence while ensuring
transparency in the selection criteria applied throughout the
review process.

The methodological framework adopted in this study con-
tributes to the credibility of the comparative assessment by
ensuring that the selected literature reflects diverse applica-
tion domains, consistent evaluation practices, and empirically
validated regression modeling scenarios.

Records Identified
Through Database Search

T

Records Screened
After Duplicate Removal

T

{ Full-Text Articles J

Assessed for Eligibility

T

[ Studies Included J

in Final Review

Fig. 3: Structured study selection workflow illustrating the systematic
screening and inclusion process for regression evaluation literature.

IIT Literature Review

The evaluation of regression models has evolved signif-
icantly alongside the rapid expansion of machine learning
applications in scientific and industrial environments. Con-
temporary research emphasizes the importance of selecting
appropriate performance metrics to ensure reliable interpre-
tation of predictive accuracy, particularly when models are
deployed in operational decision systems. Several foundational
studies have demonstrated that the choice of evaluation met-
ric directly influences conclusions regarding model quality,
generalization capability, and robustness to noise [21, 22].
As regression algorithms are increasingly applied to heteroge-
neous datasets—including financial time-series, environmental
monitoring records, and healthcare diagnostics—the need for
systematic understanding of evaluation metrics has become
more pronounced. This section synthesizes prior research
by categorizing regression evaluation measures into error-
based metrics, goodness-of-fit indicators, percentage-based
measures, and robust statistical metrics, while also highlight-
ing application-driven studies that demonstrate their practical
implications.

A. Error-Based Metrics

Error-based metrics remain the most widely used quanti-
tative indicators for assessing regression model performance
because they provide direct measurements of prediction de-
viation from observed values. Mean Absolute Error (MAE)
is frequently adopted due to its intuitive interpretation and
linear penalty structure, which treats all prediction errors
proportionally without amplifying extreme deviations [23].
Researchers evaluating housing price prediction models using
datasets such as the California Housing dataset have shown
that MAE offers stable performance comparisons when data
distributions contain moderate noise levels [24].

In contrast, Mean Squared Error (MSE) and Root Mean
Square Error (RMSE) apply quadratic penalization to large
prediction errors, making them particularly sensitive to out-
liers and variance fluctuations [25]. Studies involving energy
demand forecasting and load prediction have demonstrated
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Fig. 4: Comparative usage frequency of common error-based regres-
sion metrics reported in predictive modeling research.

that RMSE is effective in identifying large forecasting devi-
ations that may compromise system reliability in power grid
operations [26]. Nevertheless, the sensitivity of squared-error
metrics can lead to disproportionate emphasis on rare extreme
observations, potentially obscuring overall model consistency
in datasets with irregular variance structures [27]. Figure 4
illustrates the comparative usage frequency of major error-
based metrics reported in recent predictive modeling studies,
highlighting the continued dominance of MAE and RMSE
across multiple domains.

B. Goodness-of-Fit Metrics

Goodness-of-fit metrics provide complementary insights
into regression performance by quantifying the proportion of
variance explained by a predictive model rather than focusing
solely on error magnitude. The coefficient of determination
(R?) is widely regarded as a fundamental indicator of explana-
tory strength in linear and nonlinear regression frameworks
[28]. However, researchers have observed that R? may in-
crease with the addition of independent variables regardless of
their predictive relevance, leading to potential overestimation
of model quality in multivariate settings [29].

To address this limitation, Adjusted R? introduces a penalty
term that accounts for model complexity by considering the
number of predictors relative to sample size [30]. Empirical
studies involving financial risk prediction and stock market
analysis have shown that Adjusted R? provides a more reliable
assessment of model generalization capability when feature
dimensionality is high [31]. Additionally, explained variance
metrics have been used in environmental modeling to quantify
the stability of climate prediction algorithms under fluctuating
atmospheric conditions [32]. These findings collectively em-
phasize the importance of balancing predictive accuracy with
model interpretability when evaluating regression systems.

C. Percentage-Based Metrics

Percentage-based evaluation metrics have gained attention
in forecasting applications where relative error magnitude
is more meaningful than absolute deviation. Mean Absolute

Percentage Error (MAPE) is commonly used in business ana-
Iytics and demand forecasting because it expresses prediction
error as a percentage of the observed value, facilitating direct
comparison across datasets with different measurement scales
[33]. For example, supply chain optimization studies have
demonstrated that MAPE enables managers to assess forecast
reliability in terms that are easily interpretable for operational
planning [34].

Despite its interpretability, MAPE exhibits instability when
actual values approach zero, resulting in disproportionately
large percentage errors that distort performance comparisons
[35]. Symmetric Mean Absolute Percentage Error (SMAPE)
has been proposed as an alternative that normalizes error
values using the average magnitude of observed and predicted
quantities [36]. Nevertheless, researchers have reported that
SMAPE may introduce bias in datasets with asymmetric dis-
tributions, underscoring the need for careful metric selection
in specialized forecasting environments [37].

D. Robust Metrics

Robust evaluation metrics are designed to maintain stability
in the presence of noise, outliers, and irregular data distribu-
tions. Median Absolute Error (MedianAE) has been widely
recognized for its resistance to extreme observations because
it relies on median-based aggregation rather than mean-based
computation [38]. This characteristic makes it particularly use-
ful in healthcare prediction models where measurement errors
and biological variability can introduce anomalous values into
clinical datasets [39].

Another prominent robust metric is the Huber loss func-
tion, which combines the advantages of squared-error and
absolute-error formulations by applying quadratic penalization
to small errors and linear penalization to large deviations [40].
Machine learning studies evaluating regression algorithms on
large-scale sensor networks have demonstrated that Huber-
based evaluation improves model stability while preserving
sensitivity to meaningful prediction differences [41]. The
increasing adoption of robust metrics reflects a broader shift
toward resilience-oriented performance assessment in modern
predictive systems.

E. Application-Based Studies

Recent literature highlights the widespread use of regres-
sion evaluation metrics across diverse application domains. In
healthcare analytics, regression models have been applied to
predict patient recovery time, disease progression, and hospital
resource utilization using datasets derived from electronic
medical records and clinical monitoring systems [42]. These
studies emphasize the importance of selecting evaluation met-
rics capable of capturing both prediction accuracy and clinical
reliability.

Similarly, financial forecasting research has employed re-
gression techniques to estimate stock price volatility and credit
risk, often relying on RMSE and Adjusted R? to evaluate
model performance under uncertain market conditions [43].
In the energy sector, predictive models have been used to
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forecast electricity demand and renewable energy generation,
where accurate error measurement is essential for maintaining
grid stability and operational efficiency [44]. Agricultural yield
prediction studies utilizing satellite imagery and meteorolog-
ical data have also demonstrated the relevance of regression
metrics in assessing crop productivity models under variable
environmental conditions [45]. Furthermore, weather predic-
tion systems employing time-series regression models depend
on robust evaluation metrics to ensure reliable forecasting of
temperature and precipitation patterns [46].

To summarize the comparative characteristics of commonly
used regression metrics across application domains, Table I
presents a structured overview of their interpretability, sensi-
tivity to outliers, and typical usage scenarios.

IV Comparative Analysis

The comparative evaluation of regression performance met-
rics is essential for identifying context-sensitive measures
that accurately reflect predictive reliability and operational
suitability. While individual metrics provide valuable insights
into model behavior, their practical effectiveness varies de-
pending on dataset characteristics, algorithm complexity, and
application-specific performance requirements. Recent experi-
mental studies employing regression algorithms such as Ran-
dom Forest Regression, Gradient Boosting Regression, and
Support Vector Regression on benchmark datasets—including
the California Housing dataset, Energy Efficiency dataset, and
weather forecasting time-series—have demonstrated that the
interpretation of model performance can differ significantly
when evaluated using distinct error and goodness-of-fit metrics
[51, 52]. Consequently, a structured comparative analysis
is necessary to guide researchers and practitioners toward
informed metric selection in real-world predictive modeling
environments.

Table II presents a consolidated comparison of commonly
used regression evaluation metrics based on their mathemat-
ical formulation, sensitivity to extreme observations, inter-
pretability, and practical application scenarios. The comparison
highlights that absolute-error measures such as MAE offer
consistent interpretability and resilience to moderate noise,
whereas squared-error measures such as RMSE amplify large
deviations and are therefore better suited for applications re-
quiring strict penalization of prediction errors, such as energy
demand forecasting and industrial process monitoring [53].
Goodness-of-fit metrics, particularly R? and Adjusted R?, pro-
vide a broader assessment of model explanatory power and are
commonly used in econometric and financial modeling studies
where variable relationships must be explicitly quantified [54].

Beyond descriptive comparison, the operational perfor-
mance of regression metrics can be better understood through
quantitative sensitivity analysis. Figure 5 illustrates the relative
responsiveness of selected metrics to incremental increases in
prediction error variance. The graphical trend demonstrates
that RMSE exhibits the steepest growth curve, confirming
its heightened sensitivity to large deviations, while MAE and

Metric Response Magnitude

Prediction Error Variance

—eo— MAE —#— RMSE MedianAE

Fig. 5: Sensitivity analysis illustrating the response behavior of
selected regression evaluation metrics under increasing prediction
error variance.

Median Absolute Error maintain more stable trajectories under
similar conditions. This behavior is particularly relevant in
domains such as financial risk modeling and environmental
monitoring, where prediction stability is often prioritized over
extreme error penalization [55].

Another critical dimension in comparative analysis involves
computational complexity and scalability, particularly when
regression models are deployed on large datasets or real-
time prediction systems. Studies examining distributed ma-
chine learning frameworks have shown that metrics requiring
complex mathematical transformations, such as squared-error
computations, may impose additional processing overhead in
high-volume streaming environments [56]. In contrast, simpler
metrics such as MAE demonstrate faster computation and
reduced memory usage, making them suitable for resource-
constrained predictive systems such as embedded sensor net-
works and edge-based analytics platforms.

Overall, the comparative evidence indicates that no single
regression evaluation metric universally satisfies all perfor-
mance requirements. Instead, the effectiveness of a metric
depends on the interaction between dataset characteristics,
algorithm design, and application objectives. The contribution
of this comparative analysis lies in providing a structured
evaluation framework that clarifies the operational strengths
and limitations of major regression performance metrics,
thereby supporting more informed and context-aware model
assessment in real-world predictive analytics.

V Research Gaps and Challenges

Despite the widespread adoption of regression evaluation
metrics in predictive analytics and machine learning sys-
tems, several unresolved research gaps continue to hinder
the development of standardized and reliable performance
assessment frameworks. One of the most prominent limitations
is the absence of a universally accepted methodology for
selecting appropriate regression metrics across heterogeneous
application domains. Existing studies often rely on conven-
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TABLE I: Comparative Characteristics of Common Regression Evaluation Metrics

Metric Interpretability | Outlier Sensitivity Typical Domain
MAE High Low General Prediction
RMSE Moderate High Energy Forecasting
Adjusted R? High Moderate Financial Modeling
MAPE High Moderate Demand Forecasting
MedianAE Moderate Very Low Healthcare Analytics

TABLE II: Comparative Evaluation of Major Regression Performance Metrics

Metric Error Sensitivity | Interpretability | Robustness Typical Application
MAE Low High Moderate General Prediction
MSE High Moderate Low Statistical Modeling
RMSE High Moderate Low Energy Forecasting

R? Moderate High Moderate Model Evaluation
Adjusted R? Moderate High High Multivariate Regression
MAPE Moderate High Moderate Demand Forecasting
MedianAE Very Low Moderate High Healthcare Analytics

tional metrics such as Mean Absolute Error (MAE), Root
Mean Square Error (RMSE), and coefficient of determination
(R?) without systematically considering dataset characteris-
tics, model complexity, or operational risk tolerance [61, 62].
For instance, regression models trained on benchmark datasets
such as the California Housing dataset or the Boston Housing
dataset frequently demonstrate conflicting performance rank-
ings when evaluated using different metrics, indicating a lack
of consensus on metric prioritization in real-world deployment
environments.

Another critical research gap relates to the limited eval-
uation of regression metrics under realistic data conditions,
particularly in scenarios involving noisy observations, missing
values, and imbalanced target distributions. Many experi-
mental studies rely on clean, well-structured datasets that
do not adequately reflect operational challenges encountered
in domains such as healthcare analytics, financial forecast-
ing, and environmental monitoring [63]. The performance
stability of regression metrics varies significantly as noise
intensity increases, with squared-error-based metrics demon-
strating higher sensitivity to extreme deviations. This behavior
complicates the interpretation of model reliability and may
lead to inaccurate conclusions regarding predictive robustness
in safety-critical applications.

In addition to data-related limitations, interpretability re-
mains a persistent challenge in regression performance evalu-
ation. While metrics such as Adjusted R? attempt to compen-
sate for model complexity by penalizing excessive predictor
variables, their practical interpretation is often misunderstood
by practitioners lacking statistical expertise. This issue be-
comes particularly evident in high-dimensional machine learn-
ing pipelines, where automated feature engineering techniques
generate large numbers of correlated predictors, increasing the
risk of overfitting without providing clear diagnostic signals
[64]. Furthermore, computational scalability poses a growing
concern in large-scale analytics environments. Modern predic-

tive systems processing streaming sensor data or distributed
cloud-based workloads require evaluation metrics that can be
computed efficiently without introducing latency or excessive
memory overhead [65].

Table III summarizes the major research gaps and opera-
tional challenges identified across recent regression evaluation
studies. The table highlights the need for domain-aware metric
selection guidelines, improved robustness against noisy data,
and enhanced interpretability mechanisms that can support
transparent decision-making in real-world predictive modeling
systems.

Overall, these gaps underscore the necessity for a struc-
tured and context-sensitive regression evaluation framework
capable of integrating multiple complementary metrics while
accounting for dataset variability and operational constraints.
The contribution of this work lies in systematically identifying
these unresolved challenges and establishing a foundation for
developing standardized guidelines that improve the reliabil-
ity, interpretability, and scalability of regression performance
assessment in real-world applications.

VI Future Research Directions

The rapid evolution of data-driven decision-making systems
has created new opportunities for advancing regression per-
formance evaluation beyond traditional statistical indicators.
Future research is expected to focus on the development of
hybrid and adaptive evaluation metrics capable of capturing
multiple dimensions of predictive performance simultaneously.
Conventional metrics such as Mean Absolute Error (MAE)
and Root Mean Square Error (RMSE) primarily quantify pre-
diction accuracy, yet they often fail to incorporate contextual
factors such as uncertainty, data variability, and operational
risk. Emerging research suggests that integrating statistical
error measures with probabilistic confidence intervals or model
stability indicators can provide a more comprehensive un-
derstanding of predictive reliability in complex environments,
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TABLE III: Research Gaps and Challenges in Regression Metric Evaluation

Research Gap / Challenge

Practical Implication

Lack of standardized metric selection framework

Inconsistent performance comparison across models

Over-reliance on single evaluation metric

Misleading interpretation of predictive accuracy

Limited validation on real-world datasets

Reduced reliability in operational environments

Sensitivity to noisy and outlier-prone data

Instability in model evaluation results

Poor interpretability of statistical indicators

Difficulty in explaining model performance

Computational scalability constraints

Delayed evaluation in large-scale systems

particularly in domains involving high-stakes decision-making
such as medical diagnosis and financial risk forecasting [? ?
1.

Another promising direction involves the integration of arti-
ficial intelligence techniques to automate metric selection and
interpretation. With the increasing use of automated machine
learning (AutoML) frameworks and intelligent optimization
algorithms, evaluation processes can be dynamically adjusted
based on dataset characteristics and model architecture. For
instance, regression pipelines implemented on platforms such
as distributed cloud analytics systems or Internet of Things
(IoT) monitoring networks require real-time performance feed-
back mechanisms that can adapt to changing data streams [?
]. In this context, explainable evaluation systems that combine
regression metrics with model interpretability tools—such as
feature importance analysis and residual diagnostics—may
significantly enhance transparency and trust in predictive an-
alytics applications.

Future investigations must also address domain-specific
evaluation requirements, particularly in sectors characterized
by heterogeneous data distributions and stringent reliability
constraints. In healthcare analytics, regression models predict-
ing patient outcomes or disease progression must be evalu-
ated using metrics that emphasize robustness to outliers and
missing data. Similarly, environmental prediction systems used
in smart city infrastructure demand evaluation frameworks
capable of handling large-scale sensor data and temporal
variability. Table IV outlines key research priorities and their
corresponding technological implications for advancing re-
gression performance assessment in real-world scenarios.

Thus, future research should prioritize the creation of in-
telligent, scalable, and domain-aware regression evaluation
frameworks that move beyond static performance indicators
toward adaptive and interpretable assessment systems. The
contribution of this work lies in identifying strategic research
pathways that can guide the next generation of regression
evaluation methodologies capable of supporting reliable and
transparent decision-making in increasingly complex real-
world applications.

VII Conclusion

This study presented a systematic comparative analysis of
widely used regression evaluation metrics, ranging from abso-
lute error measures such as Mean Absolute Error (MAE) to
goodness-of-fit indicators including the coefficient of determi-

nation (R?) and its adjusted variant. The analysis demonstrated
that the effectiveness of a regression metric is inherently
dependent on the underlying data distribution, model com-
plexity, and the operational objectives of the predictive system.
Through the examination of representative regression models
applied to structured datasets commonly used in machine
learning experimentation—such as housing price estimation,
energy consumption forecasting, and environmental prediction
scenarios—it became evident that relying on a single metric
can lead to incomplete or potentially misleading interpretations
of model performance. Instead, the combined use of com-
plementary metrics provides a more balanced perspective on
prediction accuracy, robustness, and generalization capability.

A key finding of this work is that error-based metrics
offer direct interpretability and operational simplicity, while
variance-based measures provide valuable insights into model
explanatory power and stability. The comparative framework
developed in this paper highlights the importance of align-
ing evaluation strategies with domain-specific performance
requirements, particularly in real-world applications where
data quality, noise levels, and computational constraints vary
significantly. By emphasizing methodological transparency
and context-aware metric selection, this study reinforces the
need for structured evaluation practices that support reliable
model validation and informed decision-making.

From a practical standpoint, the insights derived from
this comparative investigation can assist researchers, engi-
neers, and data practitioners in selecting appropriate regression
metrics for diverse analytical tasks, thereby improving the
consistency and credibility of predictive modeling outcomes.
The contribution of this work lies in establishing a clear and
application-oriented perspective on regression performance
evaluation, offering a consolidated reference framework that
supports more rigorous and interpretable assessment of regres-
sion models in real-world environments.
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