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Abstract

Machine learning should be judged by how well it predicts, and computational resources
are not accounted for in predictive accuracy. Given the growing emphasis on energy con-
sumption and resource efficiency, decision-supporting frameworks should go beyond ac-
curacy. This study presents an energy-based benchmarking approach for supervised
learning models. Ten classical algorithms were evaluated on three textual and tabular da-
tasets. The energy consumption of preprocessing, training, and inference was monitored
with Intel RAPL via pyRAPL along with the runtime, peak memory usage, and predictive
performance statistics (accuracy, precision, recall, F1-score, and AUC). Experiments were
conducted in a controlled CPU-based environment to ensure comparability. The compu-
tational role of this feature is found to be appreciably diverse. Results show that Random
Forest achieved the highest overall balance between predictive performance and effi-
ciency (CI = 0.950, PPI = 0.907), while Logistic Regression provided a competitive trade-
off (CI=0.905, EI =0.998). Gaussian Naive Bayes was the most energy-efficient model with
a mean energy consumption of 127 J, whereas Support Vector Classifier (SVC) incurred
the highest computational cost, consuming 45,758 ] and requiring 3925 s on average. The
Pareto analysis identified Random Forest, Logistic Regression, Passive Aggressive, and
Decision Tree as non-dominated solutions. These findings demonstrate that accuracy
alone can be misleading for model evaluation and that integrating energy, runtime, and
memory metrics enables more sustainable and resource-aware machine learning model
selection. The proposed framework provides practical guidance for Green Al, Tiny Ma-
chine Learning (TinyML), edge computing, and other resource-constrained deployment
environments.

Keywords: sustainable AL; machine learning; energy efficient; computational efficiency;
model benchmarking; predictive analytics; explainable Al; Green AL TinyML; pareto
optimization

1. Introduction

The rapid expansion of information technology (IT) infrastructure has significantly
increased its environmental impact. In 2020, the IT sector was responsible for approxi-
mately 2-6% of global carbon dioxide (CO2) emissions, and projections suggest that this
share may rise to nearly 20% by 2030 [1]. According to the International Energy Agency
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(IEA), data centers consumed around 200 terawatt-hours (TWh) of electricity in 2018, ac-
counting for nearly 1% of global electricity demand and contributing approximately 0.3%
of worldwide CO2 emissions [2]. Recent studies further indicate that the carbon footprint
of digital technologies could grow two to nine times over the next decade, while electricity
consumption may surpass 974 TWh by 2030 [3,4]. In addition, cryptocurrency mining has
emerged as a major energy-intensive activity, consuming nearly 70 TWh of electricity an-
nually by July 2021 through specialized mining facilities and hardware [5]. These trends
highlight the urgent need to improve energy efficiency in computing systems and adopt
sustainable computing practices to reduce the environmental impact of growing compu-
tational demands.

Energy consumption is another critical resource consideration in artificial intelli-
gence systems, particularly during model training and deployment. Studies have shown
that training a single large-scale AI model can generate carbon emissions comparable to
those produced by several automobiles over their entire operational lifetimes [6]. This
challenge becomes even more significant in edge computing environments, where energy
efficiency is closely linked to the available computational resources. Unlike cloud-based
infrastructures that typically have access to continuous power supplies, edge devices of-
ten rely on batteries and operate under strict energy constraints [7]. As a result, the energy
requirements of Al models directly influence their feasibility for edge deployment. Deep
learning architectures, especially Convolutional Neural Networks (CNNs), are known for
their high computational complexity and substantial power consumption, which can re-
strict their practical use on resource-constrained devices [8]. Therefore, improving energy
efficiency has become a key objective in the design and deployment of Al solutions for
edge computing applications.

Sustainability refers to the concept of meeting present needs without compromising
the ability of future generations to meet their own needs. It involves finding a balance
between social, environmental, and economic considerations to ensure long-term well-
being and harmony. Sustainable Al refers to the development and deployment of Al sys-
tems that are environmentally friendly and contribute to long-term sustainability. It in-
volves considering the environmental, social, and economic impacts of Al technologies
throughout their lifecycle. Sustainable Al is classified into two categories: Sustainability
of Al and AlI for Sustainability. Sustainability of Al deals with the extent to which the Al
models are sustainable for the environment, e.g., reducing carbon footprints resulting
from massive computations during model training/tuning. Al for Sustainability is a
branch of sustainable AI making the environment sustainable by using Al models, e.g.,
Al4Good [9].

Computers pick up skills differently now through experience rather than fixed rules.
That shift comes from a slice of artificial intelligence called machine learning. Patterns
hidden in numbers get noticed by these smart programs without anyone spelling them
out. Once spotted, such trends help shape guesses about what might happen next. Two
decades have passed since this tech quietly moved into daily routines. Medical experts
lean on it when spotting illness early. Financial institutions use its signals to flag odd
transactions. Shopping sites suggest items based on past choices made elsewhere. Even
city roads run smoother thanks to smarter movement tracking behind the scenes.

More computing muscle gets pulled in as machine learning spreads wider. How close
predictions land near real outcomes shapes views on most training setups. Numbers such
as precision, accuracy, recall, F1-score, and AUC step in to show how things perform.
Their role is revealing how often guesses match actual values when fresh information ar-
rives. Performance clarity comes from watching those scores shift across tests. Yet not
every gain comes cheap. What gets measured typically misses the cost behind it. Perfor-
mance numbers rarely show seconds burned or watts spent. Big data runs on heavy math,
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needing powerful machines to keep up. Larger models demand more juice just to stay
running. Power draw climbs as systems grow sharper and deeper.

These days, more scientists are looking into how Al affects the environment. People
call this approach sustainable Al, creating systems that work well without wasting power
or materials. Big machine learning setups, particularly ones hosted on remote servers, use
massive amounts of electrical power and add to pollution levels. That reality pushes effi-
ciency into focus, making speed, storage needs, and power draw key factors during model
reviews. Right now, things are changing in how people see machine learning. Before, get-
ting the right answer mattered most. Then came a time when doing tasks fast and with
less work stood out. These days, it is about balancing correct results with how much
power gets used across these systems [10,11].

1.1. Research Contribution

Although sustainability has received increasing attention in Al research, existing
work on benchmark studies still focuses on predictive performance as the first priority of
evaluation. Model comparison usually focuses on accuracy and its related metrics, at the
expense of the computational cost as secondary or even omitted. Consequently, a slightly
more accurate model can become an attractive alternative even if offered at much greater
energy consumption.

e An energy-aware benchmarking framework is proposed for supervised machine
learning models that jointly evaluates predictive performance, execution time,
memory utilization, and energy consumption, moving beyond accuracy-centric eval-
uation.

e A comprehensive experimental evaluation of ten supervised machine learning algo-
rithms is conducted across three multi-domain datasets (Fake News, Brain Stroke,
and Diabetes) under a controlled CPU-based environment using Intel RAPL-based
energy measurements.

e A multi-objective decision-making framework based on the Predictive Performance
Index (PPI), Efficiency Index (EI), Composite Index (CI), and Pareto analysis is intro-
duced to identify models that achieve the best balance between predictive effective-
ness and computational efficiency.

e  The results demonstrate that energy-efficient models can provide competitive pre-
dictive performance, with Random Forest achieving the highest overall balance (CI =
0.950), Logistic Regression offering near-optimal efficiency (EI=0.998), and Gaussian
Naive Bayes exhibiting the lowest average energy consumption (127 J), highlighting
the importance of sustainability-aware model selection for Green Al and TinyML ap-
plications.

1.2. Research Questions

RQ1: What does this research hope to uncover regarding machine learning model
evaluation beyond accuracy? Traditional model evaluation in machine learning research
has historically prioritized predictive performance, often treating computational cost as a
secondary or omitted consideration. This narrow focus can mask significant trade-offs that
matter in practical deployment, where execution time, memory usage, and energy con-
sumption directly affect feasibility and sustainability. This research question establishes
the motivating premise of this study: that a complete evaluation of supervised learning
models requires considering computational efficiency alongside predictive accuracy, not
as an afterthought but as a primary evaluation dimension.

RQ2: What differences exist in power consumption across various supervised ma-
chine learning algorithms? This research measures and compares the energy consumption
of Decision Trees, Random Forests, Gaussian Naive Bayes, Logistic Regression, K-Nearest
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Neighbors (K-NN), Gradient Boosting, Passive Aggressive Classifier, Neural Networks,
and Support Vector Classifier (SVC) using Intel RAPL and pyRAPL during preprocessing,
training, and inference. Understanding these differences is important because energy con-
sumption has become an increasingly significant factor in the deployment of machine
learning systems, particularly in resource-constrained and environmentally sustainable
computing environments.

RQ3: Could better predictions mean more power is used? Is there a relationship be-
tween predictive performance and energy consumption? This study examines whether
improvements in predictive performance are associated with increased computational re-
source requirements. By analyzing the relationship between predictive metrics and com-
putational cost, the research seeks to identify whether higher accuracy consistently re-
quires greater energy consumption or whether efficient models can achieve competitive
predictive performance. This has direct implications for model selection: if the relation-
ship is strong, practitioners may need to explicitly trade off accuracy for efficiency; if weak
or inconsistent, efficient models may be adopted without meaningful performance loss.

RQ4: Which machine learning models maintain strong predictive performance with-
out excessive computational cost? This research question identifies the specific classifiers
that achieve an effective balance between predictive performance (accuracy, precision, re-
call, F1-score, AUC) and computational efficiency (execution time, memory utilization,
energy consumption). The objective is to move from establishing whether a trade-off ex-
ists to pinpointing which models occupy the most favorable position within it, providing
concrete recommendations for deployment in computationally constrained or energy-sen-
sitive environments.

RQ5: Could integrating predictive performance and computational efficiency pro-
vide a more effective benchmarking framework? This research proposes and evaluates a
multi-objective benchmarking framework that integrates predictive performance, execu-
tion time, memory utilization, and energy consumption through the Predictive Perfor-
mance Index (PPI), Efficiency Index (EI), Composite Index (CI), and Pareto analysis. The
proposed framework aims to support more informed model selection by considering both
predictive effectiveness and computational sustainability rather than relying solely on ac-
curacy-based evaluation.

RQ1: What does this research hope to uncover regarding machine learning model
evaluation beyond accuracy? It investigates supervised machine learning methods not
only by accuracy but also by efficiency, including computation time and energy consump-
tion, thereby assessing models across multiple real world demands and performance di-
mensions.

RQ2: What differences exist in power consumption across various supervised ma-
chine learning algorithms? We measure and compare the energy usage of different super-
vised learning algorithms, including Decision Trees, Random Forests, Gaussian Naive
Bayes (NB), Logistic Regression, K-Nearest Neighbors (K-NN), Gradient Boosting, Pas-
sive Aggressive Classifier, Neural Networks, and Support Vector Classifier, using tools
like Intel RAPL and pyRAPL throughout preprocessing, training, and testing phases.

RQ3: Could better predictions mean more power used? Is there a relationship be-
tween model accuracy and energy consumption? We analyze whether higher predictive
performance correlates with increased computational power usage, examining tradeoffs
between model precision and resource consumption.

RQ4: Which systems remain accurate without consuming excessive power? We iden-
tify models that are able to reconcile goodness of prediction (accuracy, precision, recall,
F1-score, AUC) and cost (runtime and energy), which shall provide a fee-free evaluation
compared to the accuracy oriented testing.
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RQ5: Could blending speed and power use provide a better way to judge models?
We propose and implement a multi-objective benchmarking framework that combines
runtime, energy consumption, and predictive performance, supporting energy-aware and
efficient model selection.

2. Related Work

This literature review is organized around four areas. First, it surveys measurement
techniques and tools used to quantify energy consumption in machine learning, including
on chip counters, external meters, and predictive power models. As sustainable Al is be-
coming an increasingly prominent area of research, it is important to note the current gaps
in the field. Although there are methods for measuring energy consumption, the majority
of the current methods have focused on deep learning techniques and GPU-based pipe-
lines. There is a lack of multi-domain dataset analysis of classical models. In addition, the
majority of current methods require some form of calibration and can have variability
across hardware. Secondly, we look at current environmental characterization techniques
in the ML community. This study focuses on benchmarking methods and required report-
ing standards, using power benchmarking as a case study along with first results obtained
using new toolkits. Third, we provide empirical insights into runtime, memory usage, and
the trade-offs between accuracy and energy for a suite of commonly used classical ma-
chine learning methods that are implemented and deployed in practice. Finally, we pre-
sent an in-depth study of how data preprocessing, feature engineering, anonymization,
and dataset scale affect energy consumption. This study investigates the performance of
ten different supervised learning methods on three benchmark data sets. All experiments
were run entirely on the CPU, as well as including an analysis of the energy used by the
machine for data preprocessing, model training, and model usage. A multi-objective ap-
proach is then used to evaluate the results based on accuracy and efficiency.

Machine learning models are commonly evaluated through predictive performance
measures such as accuracy, precision, recall, and the F1-score. There are many metrics that
have been studied in order to model how well a model performs. However, there are other
metrics that are important, such as energy usage, execution time, and memory usage.
These variations, even for models with similar accuracy, are significant to consider in
practice. As prior work has shown, the variations in energy consumption can differ by
orders of magnitude even for models with similar accuracy and are dependent on a vari-
ety of factors such as algorithmic choices and solvers, dataset size and complexity, and
the underlying hardware configuration [10,12].

The environmental impact of Al in terms of both energy consumption and emitted
COg, is increasingly studied. Energy-aware benchmarking has become a standard part of
the machine learning researcher’s workflow and is highly relevant in practice. This in-
cludes everything from Internet of Things devices and embedded systems to clinical en-
vironments, where limited power budgets and non-trivial costs play a significant role in
deciding which models are applicable. The environmental implications of Al have re-
cently come into focus due to the electricity consumed by computations and the increasing
levels of CO2 emissions associated with them [13,14].

Energy-aware benchmarking of Al has therefore become an important aspect of re-
sponsibly conducting research. Energy usage is a key consideration in the real-world de-
ployment of Al, from IoT devices to embedded systems and clinical environments, with
power budgets and tangible costs driving choices around which models are viable to use
[11,15,16]. There are many learning models that can be used in classification problems.
Some models, like logistic regression and naive Bayes, have the simplicity to get relatively
good accuracy in classification problems and consume less energy in training compared
to tree-based methods, distance-based methods, and ensemble methods such as [17,18].
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Commonly used approaches for measuring energy consumption in machine learning
include external power meters, on-chip counters like Intel’s Running Average Power
Limit (RAPL), and predictive models based on hardware performance counters. External
meters are reliable system-level measures but require additional hardware and lack com-
ponent-level granularity. Predictive models are adaptable but need to be calibrated and
may differ from one platform to another. For CPU-based classical machine learning, there
is some RAPL that was used as a standard due to low overhead and the ability to measure
energy domains of CPU and DRAM [19-21]. This study demonstrates the application of
controlled experimental conditions to ensure repeatability and uses RAPL to measure en-
ergy consumption during preprocessing, training, and testing following established
methodological guidelines [22,23].

The widening interest in the energy behavior of machine learning systems has re-
sulted in a number of benchmarking frameworks. These include Eco2Al, which tracks
energy use and emissions in an effort to target research environments. Others focus on
better reproducibility through specified reporting and experimental guidelines. MLPerf
Power offers standardized rules for measuring and comparing energy usage across hard-
ware platforms and workloads at industrial scale [22-24]. While they have different goals,
these frameworks share common principles such as explicit workload definition, con-
trolled hardware and software environments, warm-up runs, and transparent reporting.

But the research landscape is still not very clear. A lot of studies leave out important
information that is needed for accurate energy measurement, like CPU frequency settings,
governor configurations, background process isolation, or sampling rates that are high
enough. Also, the size, sparsity, dimensionality, and preprocessing of the dataset all have
a big effect on how much energy is used. Consequently, results from GPU-based deep
learning benchmarks cannot be directly applied to CPU-based classical models or to da-
tasets of varying modalities, such as text compared to tabular data [25-27]. These prob-
lems show that we need to make standards stronger so that reported results show how
algorithms really work instead of how they were tested.

The study tackles these concerns by strictly following the rules for measuring things.
To make sure that the reported performance and energy results are repeatable, clear, and
comparable and that they show real algorithmic behavior instead of changes in the envi-
ronment or method, the experimental scope is carefully controlled.

2.1 Sustainable Al and Carbon Accounting

Energy consumption and carbon reporting have become crucial in machine learning,
as they expand model assessment from mere predictive accuracy to encompass environ-
mental consequences. Research has shown that training and deployment can release a lot
of carbon dioxide, but these costs are often ignored when the focus is only on accuracy or
error rates [28,29]. Research further indicates that algorithm selection, hardware configu-
ration, and preprocessing choices can substantially affect total energy consumption, un-
derscoring the necessity for transparent reporting. Tools like Eco2Al help with this by
keeping track of how much energy is used and estimating how much CO: is released using
regional electricity profiles [30]. This is part of a larger move toward sustainable Al

The impact of carbon cannot be figured out just by looking at energy use, since the
carbon intensity of electricity changes from place to place and time to time, which means
that the same amount of energy use can have different CO2 outcomes. Also, operational
energy is only a small part of a model’s total footprint, and emissions from data center
infrastructure and hardware manufacturing are often left out of real-world studies [31,32].
This research tackles these problems by using regional emission factors to turn CPU and
DRAM energy measurements into CO2 equivalents and reporting emissions separately
for preprocessing, training, and inference. The method makes sure that traditional
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machine learning models can be evaluated in a clear, repeatable, and comparable way by
recording raw energy data, hardware settings, and emission factors.

2.2 Energy Efficiency of ML Algorithms and Architectures

This current work examines the performance of ten classical supervised learning al-
gorithms, namely Logistic Regression, Gaussian NB, K-NN, Support Vector Classifiers,
Decision Trees, Random Forests, Gradient Boosting, the Passive Aggressive Classifier,
and two multi-layer perceptron models. These algorithms are tested on a variety of da-
tasets to explore the correlation between prediction accuracy, computational complexity,
and energy consumption. From existing literature, there is a large variation in the effi-
ciency of classical algorithms, with linear models like Logistic Regression and Naive Bayes
being the most energy-efficient and distance-based and ensemble models like K-NN, Ran-
dom Forests, and Gradient Boosting being less energy-efficient due to their higher
memory requirements and computational complexity [17,18]. Research studies targeting
CPU-centric settings have shown that traditional algorithms, such as linear models and
boosted decision trees, can often outperform neural networks on structured tabular data
while consuming significantly less power, thus making them applicable in resource-lim-
ited scenarios [26,27]. Ensemble methods typically provide strong predictive perfor-
mance; on the other hand, they require higher computational costs and energy consump-
tion, although they remain much more efficient than deep learning models, which con-
sume significantly more power during training and inference [33].

Neuromorphic and spiking neural networks are also not considered in this CPU-only
benchmark, as they are normally dependent on specialized hardware. Meanwhile existing
works have shown that these networks can significantly lower the energy consumption of
inference tasks using sparse and event-driven processing [34]. Our study focuses on clas-
sical machine learning algorithms running on standard CPUs, where the algorithmic com-
plexity, dataset, and workload design have a direct and measurable impact on energy
consumption. Complementary research proposes metrics such as EFLOP, which incorpo-
rate sparsity-aware operation counts to relate model structure more directly to computa-
tional cost in both spiking and conventional neural systems [35].

2.3 Data and Software Centric Optimization

The decisions made and enforced through data preparation and software configura-
tion have a great impact on the energy consumption of machine learning tasks. Existing
work has shown that changes to the dataset itself can lead to a dramatic reduction in en-
ergy consumption, with a reduction in dataset or feature size leading to a 90% reduction
in energy consumption while maintaining similar accuracy [26]. Similarly, the use of k-
anonymization has been shown to lead to a reduction in training energy for models such
as Logistic Regression and Random Forests, with greater benefits as the dimensionality of
the features increases [27]. Hyperparameter optimization is also important, as it has been
shown that Bayesian optimization and Tree-Structured Parzen Estimators can be used to
find hyperparameters that lead to faster convergence. For example, hyperparameter opti-
mization using TPE resulted in a 44% reduction in carbon emissions for Random Forests
and Support Vector Classifiers [36]. While this research does not propose dataset modifi-
cation or hyperparameter optimization, existing work highlights the significance of these
approaches in improving energy efficiency.

Software-level choices are essential in realizing fair, repeatable, and significant en-
ergy measurements. The literature emphasizes the need to manage CPU frequency, limit
background processes, manage library versions, and normalize preprocessing to address
variability in runtime, memory, and energy consumption [19,21]. Reproducibility best
practices also emphasize the need for deterministic execution, detailed configuration
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logging, and clear system documentation [22]. Following these best practices, this research
uses fixed random seeds, normalized preprocessing, managed software versions, and
CPU isolation to ensure that the measured energy differences are indicative of algorithmic
characteristics and not influenced by system variables.

Collectively, these studies demonstrate increasing awareness of sustainability con-
siderations in machine learning. However, most existing works focus on specific applica-
tions, individual datasets, deep learning architectures, or isolated phases of the machine
learning pipeline. Comprehensive evaluations that simultaneously analyze prepro-
cessing, training, and inference energy consumption together with predictive perfor-
mance, runtime, and memory utilization across multiple heterogeneous datasets remain
relatively limited (see Table 1).

Table 1. Comparative Review of Existing Green Al Studies.

Study Application Dataset Methodology Key Findings Limitation
H lecti
Comparative carbon anasi::f;fnseciciﬁnu Restricted to LLM
Liu and Yin (2024) LLM Carbon LLM training  footprint analysis across . & & training; inference
. ) ration are the domi- .
[14] Footprint benchmarks hardware configura- ) and classical ML
. nant factors in total
tions .. excluded
carbon emissions
Significant energy ef-
D I network  fici diff
Edge device eep neural networl ciency differences o . 40 deep
Qamar et al. (2026) Edge Al architecture comparisonobserved among ar- .
. benchmark da- . ) . .. learning models;
[11] Benchmarking on resource-constrained chitectures with simi- .
tasets . classical ML
edge hardware lar predictive accu-
racy
Random Forest
hieved highest ac-
Six classical ML algo- :zr;ivé Lo llci;stffRaeC— Limited to binary
Santos et al. (2024) ML Energy 3 binary bench- rithms with energy Y Z08 classification; sin-

(17]

gression demon-

Benchmarking mark datasets ~ monitoring via Co- gle CPU hardware
strated best energy
deCarbon . platform
efficiency across all
datasets

Zemanek et al.
(2024) [27]

Privacy-Pre-
serving ML

Anonymization re-
K-anonymization ap-
plied to Random Forest, ergy significantly, es- variety; single
Logistic Regression, andpecially for Logistic anonymization
K-NN with pyRAPL en-Regression with high technique evalu-

duced training en-  Limited algorithm

UClI repository
datasets

ergy tracking feature dimensional- ated
ity
Achieved comparableRequires special-
Zhang et al. (2024) NLP Energy GLUE bench- Sp}kmg transf.or.mer ar- NLP accuracy to ized neuromorphic
[28] Efficienc mark chitecture (Spiking- standard transform- hardware; not ap-
y MiniLM) ers at substantially  plicable to stand-
lower energy cost  ard CPUs
Achieved up to 32x .
Spiking Neural Net-  inference energy re- Neuromorphic
Knipper et al. NLP via Spik- Sentiment analy- preing _ Y hardware-depend-
. ) works (SNNLP) for duction compared to ..
(2024) [34] ing Networks sis datasets : ent; limited to NLP
NLP tasks conventional neural
tasks
networks
Narduzzi ot al. C.omputa— SHD and SS; EFLQP spars.lt}.l—aware Sp.ars%ty—aware opti- Metric designed for
tional Cost  neuromorphic metric for spiking and mization reduces
(2025) [35] . Ny ) neural networks;
Metrics datasets non-spiking networks computational cost
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without sacrificing  not applicable to
predictive accuracy classical ML

Bayesian Optimiza-
Bayesian Optimization tion reduced carbon Single security do-

Rozam et al. (2025) }cjlel’:i/\c,)iﬂgizc- SDN-based with carbon emission  emissions by approx- main; generaliza-
[36] ton DDoS datasets  tracking via CodeCar- imately 44% while  bility to other tasks
bon maintaining detectionunvalidated
accuracy

2.4. Research Gap

There are some limitations in the existing literature that this study attempts to fill.
Although there is a rising interest in energy-efficient machine learning, the existing liter-
ature still largely focuses on deep learning and GPU-related workloads, and CPU-related
studies on traditional supervised learning models are still relatively limited [18,19]. Even
for traditional models, most studies focus on a very small set of models, a single dataset,
and heterogeneous and poorly documented energy consumption methodologies. Moreo-
ver, most studies focus on either predictive accuracy, runtime, memory usage, or energy
consumption, but very few studies simultaneously consider all these factors, although
there have been many appeals to extend the model evaluation criteria beyond accuracy
[13,35]. Cross-domain benchmarking is also limited, as most studies focus on either text
or tabular data, but not both.

The reporting done in CPU-only energy benchmarking adds more complexity. Some
research papers lack critical information regarding the experimental setup, including
hardware information, CPU governor settings, sampling rate, preprocessing energy cost,
and the use of fixed random seeds, making it difficult to reproduce and adding to the
variation in the values of energy consumption reported in the literature [20,22]. Although
efforts such as MLPerf Power encourage standardized reporting and methodology, this
has not yet trickled down into traditional machine learning research communities [24].
More variation comes from the use of invalidated on-chip sensors or energy prediction
models, which may introduce large errors [25].

It is clear from the literature that the use of robust tools such as Intel RAPL, together
with best practice guidelines for benchmarking and carbon accounting, forms a good
foundation for comparison. However, existing research also shows that data preparation,
feature choice, hyperparameters, and software configuration can affect energy consump-
tion even when the algorithm itself is unchanged. This study proposes a systematic and
clear method for comparing accuracy, energy consumption, runtime, and memory usage
for a range of algorithms and datasets.

3. Materials and Methods

3.1. Experimental Framework

The experimental framework developed for this study follows a clear and transpar-
ent process for evaluating supervised machine learning models with respect to both their
predictive performance and their computational efficiency. The process starts with choos-
ing the datasets and then moves through a set of planned steps that allow each model to
be tested in a fair and uniform manner. Organizing the assessment in this structure helps
the study produce results that can be checked again and understood as representing how
the algorithms actually behave. All experiments are performed on a CPU-based system so
that execution time, memory behavior, and energy usage can be measured precisely under
uniform conditions.

The remaining steps are performed in the same manner for all models, but prepro-
cessing is handled slightly differently for text and tabular data because of the different
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datasets used in the experiment. This makes it more likely that any variations in perfor-
mance are caused by the models themselves rather than by modifications to the way the
experiments were conducted. The entire process is managed by a single benchmarking
script, which ensures that each algorithm handles data, trains, and draws conclusions in
precisely the same manner.

Performance is evaluated using accuracy, precision, recall, F1 score, and AUC, while
efficiency is measured through execution time, memory utilization, and CPU and DRAM
energy usage. Energy readings are obtained through the pyRAPL (Ver. 0.2.3.1) library,
and runtime and memory statistics are captured using Python’s (Ver. 3.12.3) time and
tracemalloc modules. The outcome of this framework is a comprehensive set of bench-
marking results that summarizes each model’s strengths and limitations, allowing clear
observation of the tradeoffs between predictive capability and computational cost. Figure
1 illustrates the fully automated pipeline used to capture both predictive and efficiency
metrics. The diagram shows dataset acquisition, preprocessing, instrumented execution
with pyRAPL, time and tracemalloc, logging to CSV, and the multi-objective analysis pro-
ducing Predictive Performance Index (PPI), Efficiency Index (EI), and Pareto frontier re-

sults.
Dataset . Final Model
Acquisition Model Setup Ranking
Gathering data on Configuring 10 Ranking models
Fake News, Brain supervised ML Storing results in based on
Stroke, and Diabetes models automated CSV files performance
Data Instrumented Multi-Objective
Preprocessing Execution Analysis
Cleaning, scaling, Running models with Evaluating models
and TF-IDF pyRAPL, time, and based on PPI, El, and
transformation . tracemalloc _ Composite Index

Figure 1. Framework for the CPU-based Benchmarking.

3.2. Dataset Selection

This study utilizes three diverse, publicly available datasets selected to represent dif-
ferent application domains and data modalities. The Fake News dataset belongs to the
news and media domain and contains unstructured textual data, whereas the Brain Stroke
and Diabetes datasets represent healthcare applications and contain structured tabular
data. The selected datasets also vary considerably in scale, feature composition, and clas-
sification complexity, enabling a broader assessment of predictive performance and com-
putational efficiency across heterogeneous machine learning workloads. The open-source
data repository contains Fake News, Brain Stroke, and Diabetes, to evaluate machine
learning models across different domains and data structures. By incorporating both un-
structured text (news) and structured tabular data (healthcare), as well as both binary and
multiclass classification tasks, the framework ensures a broad assessment of model behav-
ior. The selected data ranges in scale from approximately 5000 to over 220,000 records,
providing a robust foundation for observing how various computational loads impact
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both predictive accuracy and resource efficiency. The attributes of the dataset used in this
study are summarized in Table 2.

Table 2. Overview of Dataset.

Dataset Domain Rows Features Structure Label
Fake News News 6335 3 Text 0/1
Brain Stroke  Healthcare 4981 11 Tabular 0/1

Diabetes Healthcare 229,781 22 Tabular 0/1/2

3.3. Data Preprocessing

Preprocessing was applied to all datasets to ensure they were in a suitable form for
supervised learning while maintaining fairness in evaluation. A standard 80/20 training-
test split was used for all experiments to provide a consistent basis for comparison.

Dataset 1 (Fake News): The text was cleaned of punctuation, tokenized, and filtered
for stop words before being converted into numerical features using TF-IDF vectorization.

Dataset 2 (Brain Stroke): This tabular data was processed by handling missing val-
ues, encoding categorical attributes, and scaling numerical fields to maintain uniform fea-
ture ranges.

Dataset 3 (Diabetes): Similar to the stroke dataset, this large-scale data was cleaned
of duplicates and standardized to ensure high data quality before model training.

3.4. Model Selection

Ten supervised machine learning models were selected to represent a diverse range
of learning behaviors: Decision Tree Classifier, Random Forest Classifier, Logistic Regres-
sion, Gaussian NB, K-NN, Gradient Boosting Classifier, Passive Aggressive Classifier,
Support Vector Classifier, and two Neural Networks (one with a single hidden layer and
one with five hidden layers). These models were implemented using Scikit-Learn with
default hyperparameters to ensure the benchmarking results reflect the natural behavior
of the algorithms rather than the effects of tuning (see Table Al). The detailed predictive
and efficiency metrics are presented in Table 3.

Table 3. Predictive and Efficiency Metrics.

Indicator Metric Notation
~ TP +TN
A = I T TN+ FP+ FN
where
Accuracy e TP: True positive

e TN: True negative
e FP: False positive
e FEN: False negative

Precisi p= TP
recision = (TP T FP)
Recall R= i
eca ~ (TP + FN)
2XP XR
F1-Score Fl=—""7——
P+R

AUC measures the model’s ability to distinguish be-

Area Under Curve
tween classes across thresholds

CPU and DRAM energy usage measured in Joules

Energy consumption through pyRAPL interface
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Peak memory utilization in KB captured using the

Memory Usage tracemalloc library

Total time in seconds for preprocessing, training, and
inference measured via Python’s time module.

~ PPlg, —min(PPlg,)

" max (PPl,g,) — min (PPl.g,)

Normalizes the average of all predictive metrics to a
scaleof O to 1

Execution Time

PPI
Predictive Performance Index

Metric—min (Metric)
max (Metric)—min (Metric)
Resource Efficiency Components [nyerts and normalizes resource usage so that higher

values represent better efficiency (lower consumption)

Metricyrr = 1 —

Timeeff+Mem0ryeff+Energyeff

El =
3
Efficiency Index (EI) Provides a single normalized score representing the
model’s overall computational economy

,_ PPL+EI
2
Composite Index (CT) Combines accuracy and efficiency into a final score to

rank the most balanced model

PPI, > PPIyandEl, = Elj

Identifies “non-dominated” models that offer the best

Pareto Analysis
available trade-offs without being strictly inferior to

others.

3.5. System Environment

Experiments were conducted on a controlled CPU-based system featuring an Intel
Core i5 8th Generation processor with 16 GB RAM and Ubuntu 22.04 LTS. This environ-
ment ensures RAPL support for precise energy readings while avoiding the variables in-
troduced by GPU acceleration. The experimental workflow follows a 7-step automated
pipeline:

1. Dataset acquisition from an open source repository;

Data cleaning and formatting, i.e., TE-IDF for text, scaling for tabular;
Initializing the 10 models;

Sequential running of benchmarks;

Capturing predictive and efficiency data;

Logging results to CSV files;

N e wN

Analysis and identifying Pareto-optimal models.

4. Analysis and Discussion

This section looks at ten machine learning models that are supervised. It checks how
well they work on the Fake News, Brain Stroke and Diabetes datasets. It considers how
well they can predict things and how efficient they are. The things it looks at are accuracy,
precision, recall, and F1-score, and AUC for predictive performance. It also looks at exe-
cution time, memory usage, and energy consumption for efficiency. This shows that just
because a model is very accurate, it does not mean it uses a lot of energy. The amount of
energy a model uses depends on how complicated the algorithm is, how it uses memory,
and how much computation it does.

The results are broken down into parts: how well each model does on each dataset,
how efficient each model is, and how accuracy and resource usage balance out. The study
also ranks the models based on things to find the ones that do well and use resources
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efficiently. Figure 2 shows how the characteristics of a dataset, the architecture of a model,
and the workload of computation are related. It shows that energy consumption is more
about complexity and memory activity than accuracy. The main thing the current research
finds is that some machine learning models can be very accurate and also use resources
efficiently, which is good for Al and the Fake News, Brain Stroke and Diabetes datasets.

DATASET
CHARACTERISTICS (Affects performance & workload)
Size » Type » Sparsity »
Tabular » Small Tabular

[ PERFORMANCE COMPUTATIONAL
MODEL ARCITECTURE METRICS WORKLOAD ENERGY USAGE
i — —>]
‘Lmear - T[r,ee -hl.i'l"ls@r"b‘o > Accuracy » Precision » CPU Ops » Algorithm Steps é:;l:i::v:erl; T“:I fo:l::'
\ 0P Recall » F1 Score* AUC | Time » Memory Access
N R - o
A
(Accuracy doesn't predict energy
consumption) (Higher workload = higher energer usage)
{:} EFFICIENT MODELS @

e
High Accuracy + Low Runtime + Low Energy
Logistic Regresstion » GaussianNB » Passive I\gr«ssivce]J

Energy consumption is shaped by computational workload, not predictive accuracy.

Figure 2. Conceptual Overview of Benchmarking Result Highlighting Performance and Efficiency
Trade-offs.

4.1. Performance Matrices of Machine Learning Classifiers

The performance of the evaluated machine learning classifiers was assessed from
both predictive and computational perspectives across the Fake News, Brain Stroke, and
Diabetes datasets. Predictive effectiveness was measured using Accuracy, Precision, Re-
call, and Area Under the Curve (AUC), while computational efficiency was evaluated us-
ing energy consumption, execution time, memory utilization, and F1-Score. This com-
bined evaluation provides a comprehensive understanding of the trade-offs between clas-
sification performance and resource utilization.

The predictive performance results are presented in Table 4. For the Fake News da-
taset, Random Forest, Support Vector Classifier (SVC), and the neural network with 5 hid-
den layers achieved the strongest classification performance, attaining approximately 94%
accuracy, precision, and recall. Logistic Regression and Passive Aggressive also demon-
strated competitive performance, achieving classification accuracies above 92%. These
findings suggest that both ensemble learning methods and neural network architectures
are highly effective for text-based fake news classification.

On the Brain Stroke dataset, Passive Aggressive achieved the highest accuracy (93%),
followed closely by Logistic Regression (92%), Gradient Boosting (91%), and the neural
network models (90-91%). Most classifiers achieved precision values above 90%, demon-
strating strong capability in identifying stroke-related outcomes. In contrast, K-NN and
SVC exhibited comparatively lower predictive performance on this dataset.

The Diabetes dataset proved more challenging than the other datasets, resulting in
lower predictive performance across most classifiers. The neural network with 1 hidden
layer achieved the highest accuracy (82%), followed by Logistic Regression (79%) and De-
cision Tree (77%). Although predictive performance declined relative to the other datasets,
the results reveal that simpler machine learning models remain competitive for structured
healthcare data.

https://doi.org/10.3390/info17070652



Information 2026, 17, 652 14 of 31
Table 4. Predictive Performance for Fake News, Brain Stroke and Diabetes.
Fake News Brain Stroke Diabetes
) =1 ) =1 ) =1
. ge 1 = 9 =] = 9 =) —
Classifier e = < 1 g @ = o g 7 < o
5 9% g =2 B 7 g = g S g =
g £ = < 3 2 < g g = <
< ~ < ~ < ~

Decision Tree
Gaussian Naive Bayes
Gradient Boosting
K-NN

Logistic Regression
NN 1 Hidden Layer
NN 5 Hidden Layers
Passive Aggressive
Random Forest

SVC

0.80 0.80 0.80 0.80 0.89 091 0.89 0.55 0.77 0.79 0.77 0.76
086 087 086 094 0.86 0.92 0.86 0.69 0.60 0.79 0.60 0.69
092 092 092 098 091 0.92 091 0.82 0.61 0.83 0.61 0.79
088 088 0.88 091 0.57 0.93 0.57 0.74 0.48 0.84 0.48 0.76
092 092 092 097 092 0.91 0.92 0.79 0.79 0.80 0.79 0.79
0.89 0.89 089 096 0.90 0.92 0.90 0.81 0.82 0.79 0.82 0.80
094 094 094 098 091 0.93 0.91 0.81 0.62 0.83 0.62 0.78
093 094 093 098 093 0.92 0.93 0.80 0.61 0.82 0.61 0.75
094 094 094 098 0.83 0.93 0.83 0.79 0.53 0.84 0.53 0.78
094 094 094 098 0.69 0.95 0.69 0.83 0.58 0.83 0.58 0.77

While predictive performance provides insight into classification effectiveness, prac-
tical deployment also requires consideration of computational efficiency. Table 5 summa-
rizes the energy consumption, execution time, memory utilization, and F1-score achieved
by each classifier across the three datasets. For the Fake News dataset, SVC achieved the
highest Fl-score (0.942), followed closely by the neural network with 1 hidden layer
(0.940), Passive Aggressive (0.935), and the neural network with 5 hidden layers (0.934).
However, SVC also incurred the highest computational cost, consuming 3431 ] of energy,
requiring 261 s of execution time, and utilizing 396,125 KB of memory. In contrast, Logistic
Regression achieved a competitive F1-score of 0.921 while consuming only 340 J of energy
and requiring 31 s of execution time.

On the Brain Stroke dataset, the neural network with 5 hidden layers achieved the
highest Fl-score (0.922), followed by Random Forest (0.918) and Logistic Regression
(0.917). Although deep neural networks provided strong predictive performance, they re-
quired substantially greater computational resources. Logistic Regression achieved com-
parable predictive performance while consuming only 2 J of energy and requiring 0.19 s
of execution time. For the Diabetes dataset, Gradient Boosting achieved the highest F1-
score (0.807), followed by Random Forest (0.795) and Decision Tree (0.779). The neural
network with 5 hidden layers and SVC demonstrated poor efficiency—performance bal-
ance, requiring substantial energy consumption and execution time while providing only
moderate predictive gains. These findings illustrate that increasing model complexity
does not necessarily translate into superior predictive performance.

Table 5. Efficiency Performance for Fake News, Brain Stroke and Diabetes.

Classifier

Energy

Fake News Brain Stroke Diabetes
e Mem Energy Time Mem

Time — Mem F1-Score Energy (J) T::; F1-Score

D 9 «s (KB) O ) (kB rrSeore

Decision Tree
Gaussian Naive Bayes
Gradient Boosting
K-NN

Logistic Regression
NN 1 Hidden Layer
NN 5 Hidden Layers
Passive Aggressive
Random Forest

387
324
796
338
340
1305
650
331
387

36 99,322 0.796 2 0.21 5200 0.901 80 6 98,235  0.779
31 198,567  0.879 1.1 0.09 5015 0.682 56 4 130,965 0.583
76 99,588  0.887 57 5 5059 0913 3978 389 98,224  0.807
31 247,838  0.859 3 0.14 6202 0.887 1110 33 130,966 0.662
31 199,765  0.921 2 0.19 5017 0917 638 26 130,964 0.692
63 17,795 0.940 330 31 5015 0917 1889 178 93,551  0.693
41 29,195 0.934 1921 71 5482 0922 71,726 3638 93,549 0.680
32 198,225  0.935 3 0.24 4988 0.868 66 5 130,964 0.623
37 99,534 0919 70 7 5127 0918 1219 114 98,224 0.795

https://doi.org/10.3390/info17070652



Information 2026, 17, 652 15 of 31

SVC 3431 261 396,125 0.942 415 37 5664 0.778 133,429 11,478 131,551 0.664

4.2. Efficiency Analysis

The mean efficiency metrics presented in Table 6 reveal substantial differences in
computational resource utilization among the evaluated machine learning classifiers. The
results demonstrate that lightweight models such as Gaussian Naive Bayes, Passive Ag-
gressive, Logistic Regression, and Decision Tree consistently require lower energy con-
sumption, shorter execution times, and relatively modest memory resources compared
with more computationally intensive approaches. Among all evaluated classifiers, Gauss-
ian Naive Bayes demonstrated the lowest average energy consumption (127 J) and one of
the shortest execution times (12 s), although the predictive performance was compara-
tively lower than that of several other models. Similarly, Passive Aggressive achieved an
average energy consumption of 134 ] and an execution time of 12 s while maintaining
competitive classification performance. Decision Tree and Logistic Regression also exhib-
ited favorable efficiency characteristics, requiring only 156 | and 327 J of average energy
consumption, respectively, while completing execution in less than 20 s on average. Fur-
thermore, both models maintained relatively low memory utilization, making them suit-
able candidates for deployment in resource-constrained environments.

Table 6. Mean Accuracy and Mean Efficiency Metrics across Three Datasets.

Mean Mean Mean Energy Mean Time Mean Memory

Classifier Accuracy F1-Score J) (s) (KB)
Decision Tree 0.818 0.826 156 14 2205
Gaussian Naive Bayes 0.641 0.715 127 12 3070
Gradient Boosting 0.871 0.869 1610 157 2258
K-NN 0.772 0.803 483 21 91,428
Logistic Regression 0.815 0.843 327 19 2136
NN 1 Hidden Layer 0.822 0.850 1175 91 3602
NN 5 Hidden Layers 0.823 0.845 24,766 1250 6701
Passive Aggressive 0.765 0.809 134 12 3020
Random Forest 0.878 0.877 559 53 2321
svVC 0.736 0.795 45,758 3925 62,389

K-NN required a moderate amount of energy (483 J) and execution time (21 s); how-
ever, it exhibited the highest memory requirement among the traditional machine learn-
ing algorithms, consuming an average of 91,428 KB of memory. This behavior is expected
because K-NN stores the entire training dataset and performs instance-based comparisons
during prediction. Random Forest achieved the highest mean accuracy (0.878) and mean
F1-score (0.877) among all evaluated classifiers while maintaining moderate computa-
tional requirements, consuming 559 J of energy and requiring 53 s of execution time on
average. Gradient Boosting also demonstrated strong predictive performance, achieving
a mean F1-score of 0.869, but at the expense of higher computational cost, with an average
energy consumption of 1610 J and an execution time of 157 s.

The neural network models required substantially greater computational resources.
The neural network with 1 hidden layer consumed an average of 1175 ] of energy and
required 91 s of execution time, whereas the neural network with 5 Hidden Layers con-
sumed 24,766 ] of energy and required 1250 s of execution time. Although both neural
network architectures achieved competitive predictive performance, the considerable in-
crease in computational cost highlights the trade-off between model complexity and re-
source efficiency. SVC was identified as the most computationally expensive classifier. It
consumed an average of 45,758 | of energy and required 3925 s of execution time, while
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Execution Time (Seconds)

also exhibiting the highest memory utilization (62,389 KB). Despite this substantial com-
putational overhead, its mean F1-score (0.795) remained lower than those achieved by
Random Forest, Gradient Boosting, Logistic Regression, and the neural network models.
This finding suggests that the additional computational cost associated with SVC does not
necessarily translate into superior predictive performance across the evaluated datasets.
Overall, the efficiency analysis reveals that Passive Aggressive, Gaussian Naive
Bayes, Decision Tree, and Logistic Regression provide the most favorable balance between
computational efficiency and predictive performance. In contrast, deep neural network
architectures and SVC require substantially greater computational resources, making
them less suitable for resource-constrained and edge-computing environments where en-
ergy consumption, execution time, and memory utilization are critical considerations.

4.2.1. Execution Time

Figure 3 illustrates the mean execution time of the evaluated machine learning clas-
sifiers across the three datasets. Significant differences can be observed among the models
due to variations in algorithmic complexity and computational requirements. The fastest
models were Gaussian Naive Bayes and Passive Aggressive, requiring average execution
times of 11.54 s and 12.25 s, respectively. Decision Tree and Logistic Regression also
demonstrated high computational efficiency, completing execution in 14.31 s and 18.93 s,
respectively. These models benefit from relatively simple learning mechanisms and lower
computational complexity. K-NN required 21.26 s on average, while Random Forest re-
quired 52.66 s due to the additional computational overhead associated with constructing
and evaluating multiple decision trees. Gradient Boosting exhibited a substantially higher
execution time of 156.67 s because of its sequential boosting process, in which multiple
weak learners are trained iteratively.

4000 A

3500 A

3000 A

2500 A

2000 4

1500 4

1000 A

500 4

3925.28

1250.07

Figure 3. Mean Model Execution Time.

The neural network models required considerably longer execution times. The neural
network with 1 hidden layer completed execution in 90.74 s, whereas the neural network
with 5 hidden layers required 1250.07 s due to the increased number of trainable param-
eters and optimization iterations. SVC demonstrated the highest computational burden,
requiring an average execution time of 3925.28 s. This substantial increase is primarily
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attributed to the computational complexity of kernel-based optimization and support vec-
tor calculations. The results indicate that increasing model complexity generally leads to
longer execution times and greater computational cost. Therefore, lightweight classifiers
such as Gaussian Naive Bayes, Passive Aggressive, Decision Tree, and Logistic Regression
are more suitable for applications requiring rapid model execution.

4.2.2. Memory Usage

Figure 4 presents the mean peak memory utilization of the evaluated classifiers. Con-
siderable variation can be observed across the models, reflecting differences in data stor-
age requirements and model architecture complexity. Logistic Regression (2136 KB), De-
cision Tree (2205 KB), Gradient Boosting (2258 KB), Random Forest (2321 KB), Passive
Aggressive (3020 KB), and Gaussian Naive Bayes (3070 KB) demonstrated relatively low
memory requirements. The neural network models required moderate memory resources,
with the neural network having 1 hidden layer consuming 3602 KB and the neural net-
work with 5 hidden layers consuming 6701 KB. Although these values are higher than
those of traditional machine learning models, they remain substantially lower than those
observed for K-NN and SVC. K-NN exhibited exceptionally high memory utilization, re-
quiring 91,428 KB on average. This behavior is expected because the algorithm stores the
complete training dataset and performs distance calculations during prediction. SVC also
required substantial memory resources, consuming 62,389 KB due to the storage and pro-
cessing requirements associated with support vectors and kernel computations. There-
fore, the results indicate that simpler linear and tree-based models are significantly more
memory-efficient than instance-based and kernel-based approaches. Consequently, Lo-
gistic Regression, Decision Tree, Gaussian Naive Bayes, and Passive Aggressive represent
attractive choices for deployment in memory-constrained environments.
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Figure 4. Mean Peak Memory Utilization.

4.2.3. Energy Consumption

The mean energy consumption results, shown in Figure 5, reveal substantial differ-
ences in the computational energy requirements of the evaluated classifiers. Gaussian Na-
ive Bayes, Passive Aggressive, Decision Tree, and Logistic Regression emerged as the
most energy-efficient models, consuming only 127 J, 134 ], 156 ], and 327 ] on average,
respectively. These low energy requirements are primarily attributable to their relatively
simple model structures and efficient learning processes. Moderate energy consumption
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was observed for K-NN (484 ]J) and Random Forest (559 ]), which achieved competitive
predictive performance while maintaining reasonable computational efficiency. Gradient
Boosting consumed considerably more energy, requiring 1610 ] on average due to its iter-
ative boosting mechanism. Similarly, the neural network with 1 hidden layer consumed
1175 ] as a result of repeated optimization during training.

The most energy-intensive models were the neural network with 5 hidden layers and
SVC. The deeper neural network consumed 24,766 ] on average, reflecting the substantial
computational cost associated with training multiple hidden layers. SVC exhibited the
highest energy consumption by a large margin, requiring 45,758 J, nearly twice that of the
deep neural network model. This high energy demand is attributable to the complexity of
kernel-based optimization and support vector computations. Collectively, these findings
demonstrate a clear relationship between model complexity and energy consumption.
Lightweight classifiers such as Gaussian Naive Bayes, Passive Aggressive, Decision Tree,
and Logistic Regression offer substantial energy savings while maintaining competitive
predictive performance. In contrast, deep neural networks and SVC impose significant
computational costs, making them less suitable for energy-constrained and sustainability-
focused computing environments.

45,758
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156 484 327 127 559 134
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Figure 5. Mean Energy Consumption.

4.2.4. Training and Inference Cost Analysis

While the previous analysis examined overall computational efficiency, Table 7 pro-
vides a more detailed breakdown of training and inference costs across the Fake News,
Brain Stroke, and Diabetes datasets. Separating these phases is important because training
and inference place different demands on computational resources. Training typically
represents a one-time cost associated with model construction, whereas inference cost di-
rectly affects deployment performance and operational efficiency. The current research
confirms that training energy consumption was the dominant contributor to total compu-
tational cost for most classifiers. In particular, SVC, Passive Aggressive, and deep neural
network models required substantially greater training time and energy than traditional
machine learning approaches. On the Diabetes dataset, SVC exhibited the highest compu-
tational burden, requiring 10,262 s of training time and consuming 118,464 ] of energy.
Similarly, the Passive Aggressive classifier required 3635 s of training time and consumed
71,672 ] of energy. In contrast, lightweight classifiers such as Decision Tree, K-NN,
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Gaussian Naive Bayes, and Random Forest completed training within only a few seconds
while consuming comparatively low amounts of energy.

The inference results reveal a different pattern. For most classifiers, inference time
and energy consumption remained considerably lower than training costs. Decision Tree,
Random Forest, K-NN, and Gradient Boosting demonstrated particularly efficient infer-
ence behavior across all datasets, requiring less than one second of inference time and
only a few joules of energy. However, some classifiers exhibited substantial inference
overhead. For example, Passive Aggressive required 71 s and 1921 ] for inference on the
Fake News dataset, while SVC required 1214 s and 14,917 ] for inference on the Diabetes
dataset. Gaussian Naive Bayes also showed unusually high inference energy consumption
on the Diabetes dataset, consuming 1055.08 ] despite relatively low training requirements.
The results highlight that training and inference costs can differ substantially across ma-
chine learning algorithms. While some models incur high training costs but remain effi-
cient during deployment, others continue to consume considerable resources during in-
ference. These findings highlight the importance of evaluating both phases independently
when selecting machine learning models for resource-constrained and sustainability-fo-

cused environments.

Table 7. Training vs. Inference Results for Fake News, Brain Stroke and Diabetes.

Fake News Brain Stroke Diabetes

B B B

« B E 5 ¢« B E § « B E 5

e E 5 E £ E 3 = 5 E 5 = &
Classifier =3 g §3 yS Eg Ea 23 +S E3 S s é@ g S

= £ 3 g 5 £ g g g £ & g

E E0E 5 £ g8 5 F =& g

= 5 E = 5 E = 5 :E
Decision Tree 623 7015 016 197 016 197 0.02 003 29 31 0.01 0.25
Gaussian Naive Bayes 0.15 2,60 0.02 048 0.02 050 0.08 1.84 070 650 2873 1056
Gradient Boosting 0.80 2048 014 150 014 150 0.01 014 2219 589 0.01 0.30
K-NN 036 582 004 061 004 061 0.02  0.21 0.58 7 0.02 028
Logistic Regression 6.46 6891 659 68.09 6.59 68 0.20 1.78 10838 1146 275  24.28

NN 1 Hidden Layer
NN 5 Hidden Layers
Passive Aggressive
Random Forest

SVC

4556 479.07 538 56.26 5.38 56 0.03 034 385.02 3925 046 4.58
33.12 985.03 31.15 330 31.15 330 0.02 014 17430 1840  0.03 0.35
1097 330.67 71 1921 71 1921 0.03 050 3635 71,672 0.18 5.86

1.36
216

1429 019 216 019 216 0.01 0.15 1.65 18 0.01 0.22
2923 3597 404 3597 404 092 1112 10,262 118,464 1214 14,917

4.3. Hyperparameter Sensitivity Analysis

Furthermore, to assess the robustness of the reported findings, a hyperparameter sen-
sitivity analysis was conducted for three representative classifiers —Random Forest, Neu-
ral Network with 5 Hidden Layers, and Support Vector Classifier (SVC)—as presented in
Table A3. Alternative configurations were evaluated across the Fake News, Brain Stroke,
and Diabetes datasets. The objective was to determine whether variations in model com-
plexity significantly altered the observed trade-offs between predictive performance and
computational efficiency.

The hyperparameter sensitivity analysis demonstrates in Table A3 that, although cer-
tain parameter configurations produced modest improvements in predictive perfor-
mance, these gains were frequently accompanied by substantial increases in execution
time and energy consumption. For Random Forest, increasing the number of trees and
model depth generally increased computational cost while providing only marginal
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improvements in accuracy and F1-score. Similar trends were observed for the Neural Net-
work with 5 Hidden Layers, where larger network architectures occasionally improved
predictive performance but required considerably greater computational resources. For
SVC, the impact of hyperparameter selection varied across datasets; however, more com-
plex kernel configurations did not consistently outperform simpler alternatives and often
incurred significantly higher computational costs.

The overall ranking of classifiers remained largely unchanged across the evaluated
configurations, indicating that the primary conclusions of this study regarding the trade-
off between predictive performance and computational efficiency are robust to reasonable
variations in hyperparameter settings. Figures A1-A3 visualize the relationship between
predictive performance, energy consumption, and execution time for the evaluated hy-
perparameter configurations, where bubble size represents total execution time and the
horizontal axis represents total energy consumption.

4.4. Correlation Analysis

The correlation heatmap presented in Figure 6 illustrates the relationships among
predictive performance and computational efficiency metrics across the evaluated ma-
chine learning models. Specifically, the analysis examines the associations between accu-
racy, energy consumption, memory utilization, and execution time. The results reveal a
weak-to-moderate negative relationship between accuracy and computational resource
requirements. Accuracy exhibits negative correlations with energy consumption (r =
-0.36) and execution time (r = —0.33), indicating that higher computational cost does not
necessarily translate into improved predictive performance. The relationship between ac-
curacy and memory utilization is negligible (r = —0.03), suggesting that memory require-
ments have little direct influence on classification performance across the evaluated mod-

els.
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Figure 6. Correlation Heatmap of Model Performance and Efficiency Metrics.

The strongest relationship observed in the analysis is between energy consumption
and execution time (r =0.98). This near-perfect positive correlation indicates that execution
time is the primary factor driving energy consumption in the evaluated CPU-based ma-
chine learning workloads. Models requiring longer processing times consistently con-
sume greater amounts of energy, regardless of their predictive performance. In contrast,
memory utilization exhibits only weak positive correlations with both energy consump-
tion (r = 0.09) and execution time (r = 0.09). These findings propose that memory usage
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contributes relatively little to overall computational efficiency when compared with pro-
cessing time. Consequently, reducing execution time is likely to yield substantially greater
energy savings than focusing solely on memory optimization.

Finally, the correlation analysis demonstrates that predictive performance and com-
putational efficiency are largely independent objectives. While some computationally in-
tensive models achieve strong predictive performance, they do not consistently outper-
form simpler alternatives. Models such as Logistic Regression, Decision Tree, and Passive
Aggressive provide favorable trade-offs by maintaining competitive classification perfor-
mance while requiring substantially lower energy consumption and execution time. These
findings emphasize the importance of considering both predictive effectiveness and com-
putational efficiency when selecting machine learning models for practical and sustaina-
bility-conscious applications.

4.5. Trade-Off Analysis

Table 6 highlights the trade-offs between predictive performance and computational
efficiency across the evaluated machine learning classifiers. The results demonstrate that
achieving higher predictive accuracy often requires increased computational resources,
although this relationship is not absolute. Random Forest achieved the highest mean ac-
curacy (0.878) and mean F1-score (0.877) among all evaluated classifiers while maintain-
ing moderate computational requirements, consuming 559 J of energy and requiring 53 s
of execution time on average. Gradient Boosting produced comparable predictive perfor-
mance, achieving a mean accuracy of 0.871 and a mean F1-score of 0.869. However, this
improvement came at a substantially higher computational cost, with average energy con-
sumption reaching 1610 J and execution time increasing to 157 s. Lightweight classifiers
such as Logistic Regression, Decision Tree, and Passive Aggressive demonstrated favora-
ble trade-offs between predictive performance and computational efficiency. Logistic Re-
gression achieved a mean accuracy of 0.815 and a mean F1-score of 0.843 while consuming
only 327 ] of energy and requiring 19 s of execution time. Similarly, Decision Tree achieved
a mean accuracy of 0.818 and a mean Fl-score of 0.826 while consuming only 156 J of
energy. Passive Aggressive was among the most computationally efficient models, requir-
ing only 134 J of energy and 12 s of execution time, although its predictive performance
was lower than that of the best-performing ensemble methods.

In contrast, more computationally intensive models did not consistently deliver pro-
portional gains in predictive performance. The neural network with 5 Hidden Layers
achieved a mean accuracy of 0.823 and a mean F1-score of 0.845 but required 24,766 ] of
energy and 1250 s of execution time. Similarly, SVC exhibited the highest computational
cost among all evaluated classifiers, consuming 45,758 ] of energy and requiring 3925 s of
execution time while achieving a mean accuracy of only 0.736. These findings suggest that
increased model complexity does not necessarily result in superior predictive perfor-
mance. Therefore, the results indicate that no single classifier simultaneously optimizes
predictive performance and computational efficiency. While ensemble methods such as
Random Forest and Gradient Boosting provide the strongest predictive performance,
lightweight models such as Logistic Regression, Decision Tree, and Passive Aggressive
offer more favorable efficiency—performance trade-offs. Consequently, the choice of clas-
sifier should be guided by the specific requirements of the target application, including
constraints related to energy consumption, execution time, and available computational
resources.

The radar chart presented in Figure 7 further illustrates the trade-offs among predic-
tive accuracy, energy efficiency, and runtime efficiency for the top-performing classifiers.
Random Forest exhibits the most balanced profile, combining the highest predictive accu-
racy with strong efficiency characteristics. Gradient Boosting achieves comparable
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predictive performance but demonstrates lower efficiency due to its greater computa-
tional requirements. The neural network with 1 hidden layer provides moderate predic-
tive performance with reasonable efficiency, whereas the neural network with 5 hidden
layers suffers from substantial reductions in both energy and runtime efficiency because
of its high computational demands. Decision Tree maintains a highly balanced profile,
achieving competitive predictive performance while requiring significantly fewer compu-
tational resources than more complex models.

—— RandomForest
GradientBoosting
= NN5Layer
—— NN1Layer
—— DecisionTree

Runtime Effici

Figure 7. Comparison of Top Five Supervised Classifiers.

4.6. Multi-Objective Benchmarking Analysis

The proposed multi-objective benchmarking framework integrates predictive perfor-
mance and computational efficiency into a unified evaluation methodology for supervised
machine learning models. While existing benchmarking approaches such as Eco2Al pri-
marily focus on energy consumption and carbon emissions, and frameworks such as
MLPerf Power emphasize hardware-level performance and power measurements, the
framework recommended in this study evaluates models from both predictive and sus-
tainability perspectives. This is achieved through the Predictive Performance Index (PPI),
Efficiency Index (EI), Composite Index (CI), and Pareto analysis. By simultaneously con-
sidering classification performance, execution time, memory utilization, and energy con-
sumption, the framework provides a more comprehensive basis for model selection than
predictive metrics alone.

The Composite Index (CI) provides an overall measure of how effectively each clas-
sifier balances predictive performance and computational efficiency. As shown in Table 8,
Random Forest achieved the highest composite score (CI = 0.950), indicating the most fa-
vorable overall balance between classification effectiveness and resource efficiency. This
result is consistent with its strong predictive performance, reflected by the highest mean
accuracy and mean F1-score among the evaluated models, while maintaining moderate
energy consumption and execution time requirements. Gradient Boosting ranked second
with a composite score of 0.919, followed closely by the neural network with 1 hidden
layer (CI=0.909) and Logistic Regression (CI = 0.905). These models achieved strong pre-
dictive performance while maintaining acceptable computational efficiency. Passive Ag-
gressive also performed well, achieving a CI of 0.846, largely due to its exceptionally low
energy consumption and execution time requirements. Decision Tree (CI = 0.717) and
Gaussian Naive Bayes (CI = 0.630) occupied the middle range of the ranking. Although

https://doi.org/10.3390/info17070652



Information 2026, 17, 652

23 of 31

these models demonstrated excellent computational efficiency, their comparatively lower
predictive performance reduced their overall composite scores. K-NN achieved a CI of
0.571, primarily due to its high memory utilization despite moderate predictive perfor-
mance.

At the lower end of the ranking, the neural network with 5 hidden layers achieved a
CI of 0.747. Although it demonstrated competitive predictive performance, its substantial
energy consumption and execution time significantly reduced its overall efficiency. SVC
achieved the lowest composite score (CI = 0.383), reflecting its extremely high computa-
tional requirements in terms of energy consumption, execution time, and memory utili-
zation. Despite requiring considerably greater computational resources, SVC did not pro-
vide corresponding improvements in predictive performance, making it the least favora-
ble model from a multi-objective perspective. Overall, the findings show that Random
Forest, Gradient Boosting, Logistic Regression, Passive Aggressive, and the neural net-
work with 1 hidden layer provide the strongest balance between predictive performance
and computational efficiency. In contrast, computationally intensive models such as the
neural network with 5 hidden layers and SVC struggle to maintain a favorable sustaina-
bility profile due to their excessive resource requirements.

Figure 8 visually reinforces these findings by comparing the Composite Index values
across all evaluated classifiers. Models with higher CI values achieve a more effective bal-
ance between predictive effectiveness and computational efficiency, while lower CI values
show that improvements in one objective are offset by increased computational costs in
another. The results demonstrate that Random Forest represents the most balanced solu-
tion among the evaluated classifiers, whereas SVC exhibits the least favorable trade-off
between performance and efficiency.

Table 8. Experimental Results of Multi-Objective Benchmarking Analysis

Predictive Performance

Classifier Index Efficiency Index Composite Index

(PPI) (ED) (CD
Decision Tree 0.435 0.999 0.717
Gaussian Naive Bayes 0.263 0.997 0.630
Gradient Boosting 0.863 0.976 0.920
K-NN 0.480 0.663 0.571
Logistic Regression 0.813 0.998 0.905
NN 1 Hidden Layer 0.838 0.980 0.909
NN 5 Hidden Layers 0.796 0.698 0.747
Passive Aggressive 0.696 0.997 0.846
Random Forest 0.907 0.993 0.950
SvVC 0.657 0.108 0.383
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Figure 8. Composite Index Comparison across Supervised Learning Models.

The Pareto front analysis provides a visual representation of the trade-off between
predictive performance and computational efficiency. Models located on or near the Pa-
reto frontier represent the most desirable solutions because improvements in predictive
performance cannot be achieved without sacrificing efficiency, and vice versa. As illus-
trated in Figure 9, Random Forest achieved the highest Predictive Performance Index (PPI
= 0.907) while maintaining a very high Efficiency Index (EI = 0.993). This position places
Random Forest on the Pareto frontier and confirms its status as the most balanced model
among the evaluated classifiers. Logistic Regression (PPI = 0.813, EI = 0.998) and Passive
Aggressive (PPI = 0.696, EI = 0.997) also lie on the Pareto frontier, demonstrating that
strong computational efficiency can be achieved while maintaining competitive predictive
performance. Decision Tree occupies the efficient end of the frontier, exhibiting near-per-
fect efficiency (EI = 0.999) while maintaining moderate predictive performance (PPI =
0.435).

Pareto Front: Predictive Performance Index (PPI) vs Efficiency Index (El)

PassiveAggressive
GaussianNB DecisionTree
mgns(uckegresa?r:\dom‘ores‘ @ DecisionTree
@ GaussianNB
NN1Layer GradientBoosting . GradientBoosting
@® N
@ LogisticRegression
@ NNlLayer
@ NNSLayer
@ PassiveAggressive
_ NNSLayer @ RandomForest
KNN @ @ svc
® —e— Pareto Frontier
.SVC
0.0 0.2 0.4 0.6 0.8 1.0

Predictive Performance Index (PPI)

Figure 9. Pareto Front Analysis Showing the Relationship between Predictive Performance Index
(PPI) and Efficiency Index (EI).

Several models were located below the Pareto frontier, indicating less favorable
trade-offs between predictive performance and computational efficiency. Although
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Gradient Boosting achieved strong predictive performance (PPI = 0.863), its lower effi-
ciency (EI = 0.976) prevented it from dominating the frontier solutions. Similarly, the neu-
ral network with 1 hidden layer achieved competitive predictive performance (PPI =
0.838) but required greater computational resources than Logistic Regression and Ran-
dom Forest. The neural network with 5 hidden layers and SVC exhibited the least favora-
ble trade-offs. Despite achieving moderate predictive performance, their substantially
lower efficiency scores (EI=0.698 and EI = 0.108, respectively) reflect the significant com-
putational costs associated with these models. In particular, SVC required considerably
higher energy consumption, execution time, and memory resources without providing
corresponding improvements in predictive performance. The Pareto analysis highlights
that no single metric should be used in isolation when selecting machine learning models.
While predictive performance remains important, computational efficiency plays a critical
role in determining the practical suitability of a model. The results demonstrate that Ran-
dom Forest, Logistic Regression, Passive Aggressive, and Decision Tree provide the most
favorable balance between predictive effectiveness and computational efficiency, making
them particularly attractive for real-world deployments where resource constraints and
sustainability considerations are important.

The Pareto frontier confirms the findings of the composite index analysis, demon-
strating that models with balanced predictive performance and computational efficiency
provide greater practical value than models that optimize only a single objective. Table 9
summarizes the comparative analysis of all classifiers

Table 9. Key Findings of Machine Learning Models.

Classifier

Predictive Level Efficiency Level Findings

Decision Tree

Medium-High Very High

Delivers good predictive performance with excellent com-
putational efficiency.

Gaussian Naive Bayes

Low-Medium Very High

Extremely efficient and lightweight, but predictive perfor-
mance is comparatively lower.

One of the strongest performers, achieving high predictive

Gradient Boosti Very High High
racient Poostng ey g '8 accuracy while maintaining good efficiency.
K-NN Medium Low Provides modt.er..ate predictive .performancet but suffers
from lower efficiency due to higher execution costs.
Logistic Regression High Very High Offers an excellent ba‘lance be.txtveen predictive perfor-
mance and computational efficiency.
Achi - icti f ith £fi-
NN 1 Hidden Layer Very High High \chieves near tf)p predictive performance with good effi
ciency, making it a strong practical choice.
Delivers strong predictive performance but requires
NN 5 Hidden Layers High Moderate  greater computational resources than simpler neural archi-
tectures.
Combines strong predictive capability with excellent effi-
Passive Aggressive High Very High  ciency, making it suitable for resource-constrained envi-
ronments.
Achieves the best overall balance of predictive perfor-
Random Forest Highest Very High  mance and efficiency, ranking first in the Composite In-
dex.
SVC Medium Very Low Shows reasonable predictive capability but poor efficiency,

limiting its practicality for resource-sensitive deployments.

4.7. Limitations of Study

Although the findings provide useful insights, the study does have its limitations.
The evaluation was carried out entirely on a CPU-based system, which means that the
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results do not reflect how models might behave in GPU or multi-node settings. The num-
ber of datasets, while diverse in type and scale, is still limited, and expanding to more
domains may reveal trends in energy behavior. Hyperparameter tuning was intentionally
kept minimal additional to avoid injecting variability into the energy measurements, but
this also means that some models were not operating at their absolute optimal configura-
tion. Energy measurements were restricted to CPU and DRAM consumption using Intel
RAPL, which does not capture the full system-wide energy profile. These factors place
some boundaries on the generalizability of the results, but they do not undermine the
overall conclusions about the trade-off between performance and efficiency.

5. Conclusions

This study benchmarked ten supervised machine learning classifiers across three
multi-domain classification datasets, namely Fake News, Brain Stroke, and Diabetes,
while simultaneously evaluating predictive performance and computational efficiency. In
addition to traditional classification metrics, the analysis incorporated execution time,
memory utilization, and energy consumption to provide a comprehensive assessment of
model behavior. Furthermore, a multi-objective benchmarking framework based on the
Predictive Performance Index (PPI), Efficiency Index (EI), Composite Index (CI), and Pa-
reto analysis was proposed to evaluate the trade-offs between predictive effectiveness and
computational sustainability. The experimental results demonstrate that higher computa-
tional cost does not necessarily result in superior predictive performance. Among the
evaluated classifiers, Random Forest achieved the strongest overall performance, obtain-
ing the highest mean accuracy and mean F1-score while maintaining moderate computa-
tional requirements. The Composite Index and Pareto Front analyses consistently identi-
fied Random Forest as the most balanced model, offering an effective compromise be-
tween predictive performance and computational efficiency.

Lightweight models such as Logistic Regression, Passive Aggressive, and Decision
Tree also demonstrated favorable efficiency—performance trade-offs. These classifiers
achieved competitive predictive performance while maintaining low energy consump-
tion, short execution times, and modest memory requirements. The results signify that
effective machine learning solutions can often be achieved without relying on computa-
tionally intensive algorithms. In contrast, more complex models such as the neural net-
work with 5 hidden layers and Support Vector Classifier (SVC) required substantially
greater computational resources. These models consumed significantly more energy, re-
quired longer execution times, and utilized greater memory resources while providing
limited improvements in predictive performance. In some cases, their predictive perfor-
mance was inferior to that of simpler and more efficient alternatives. These findings sug-
gest that increased model complexity does not necessarily translate into proportional
gains in classification effectiveness. The correlation analysis further revealed a near-per-
fect relationship between energy consumption and execution time, highlighting runtime
as the primary driver of computational energy usage in CPU-based machine learning
workloads. The results also showed only weak relationships between predictive perfor-
mance and computational resource requirements, reinforcing the importance of evaluat-
ing machine learning models using both performance and efficiency criteria.

These outcomes demonstrate that machine learning model selection should not be
based solely on predictive performance. Energy consumption, execution time, and
memory utilization are equally important considerations, particularly in sustainability-
focused and resource-constrained environments. By integrating predictive and computa-
tional metrics into a unified benchmarking framework, this work provides practical guid-
ance for selecting machine learning models that achieve strong predictive performance
while minimizing computational cost.
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The selected models were predominantly machine learning algorithms that are de-
signed to operate efficiently on CPUs, and several of them do not inherently support GPU
acceleration. Therefore, CPU-based benchmarking provides a fair and consistent evalua-
tion framework across all investigated classifiers. There are a number of meaningful di-
rections in which this work can be extended. One useful next step would be to expand the
evaluation to include more model families, such as unsupervised learning or regression-
based, and incorporate GPU-level energy measurement, in particular for transformer-
based models and large language models that dominate many current applications. An-
other direction worth exploring is how energy consumption behaves in distributed or
cloud-based training environments, since many real systems run at large scale rather than
on a single CPU machine. Further studies would be useful in the future to more closely
analyze the optimization strategies such as pruning, quantization, and early stopping to
determine how much computational efficiency can be improved without affecting predic-
tive performance. A wider range of domains, particularly those involving real-time or
streaming data, could be added to the collection of datasets used in these kinds of studies.
This would give a better illustration of the performance of different models under condi-
tions similar to those that they undergo in daily operations. Finally, the advancement of
the tools that assist in measuring carbon impact or the tools that help to design the cost-
conscious scheduling may encourage the development of machine learning systems that
would be both effective in operation and environmentally responsible.
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Appendix A

Appendix A presents the model configurations and hyperparameter sensitivity ex-
periments conducted to evaluate the robustness of the reported findings. Table A1l sum-
marizes the training parameters used in the primary experiments, while Table A2 outlines
the alternative hyperparameter configurations evaluated during the sensitivity analysis.
Table A3 presents the corresponding results across the three benchmark datasets. The ob-
jective of these experiments was to assess whether variations in model complexity signif-
icantly affected predictive performance, energy consumption, execution time, and the
overall trade-offs between predictive effectiveness and computational efficiency.

Table Al. Training Parameters of Machine Learning Models.

Classifier

Hyperparameters

https://doi.org/10.3390/info17070652
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Decision Tree criterion = gini; splitter = best; max_depth = 10; min_samples_split = 5; min_samples_leaf =5

Gaussian Naive Bayes  var_smoothing =1 x 10~

Gradient Boosting e loss=log_loss; learning_rate = 0.1; n_estimators = 100; max_depth =5

K-NN n_neighbors = 10; weights = distance; algorithm = auto; metric = minkowski

Logistic Regression penalty =12; C = 1.0; max_iter = 1000; solver = lbfgs; random_state = 42

NN 1 Hidden Layer hidden_layer_sizes = (10); max_iter = 500; activation = relu; solver = adam

NN 5 Hidden Layers hidden_layer_sizes = (64, 64, 32, 32, 16); max_iter = 500; activation = relu; solver = adam; al-
pha =0.0001

Passive Aggressive C =1.0; max_iter = 1000; random_state = 42

n_estimators = 200; max_depth = 20; min_samples_split = 5; min_samples_leaf = 5; max_fea-
Random Forest
tures = sqrt; random_state =42

sSvC e  C=1.0; kernel = rbf; gamma = 0.1; probability = False; random_state = 42

Table A2. Hyperparameter Configurations Evaluated.

Classifier Configuration Hyperparameters

Random Forest RF_Default n_estimators = 100, max_depth = None, random_state = 42

Random Forest RF_200_20 n_estimators = 200, max_depth = 20, random_state = 42

Random Forest o RF_300_30 ° n_estimators = 300, max_depth = 30, random_state = 42

Random Forest RF_500_None n_estimators = 500, max_depth = None, random_state = 42

NN5 NN5. Default hiddgn_layer_sizes = (64, 64, 32, 32, 16), activation = ‘relu’, solver = ‘adam’,
max_iter = 500

NN5 NN5. Small hldde'n_layer_smes = (32, 32, 16, 16, 8), activation = ‘relu’, solver = ‘adam’,
max_iter = 500

i izes = 2,1 tivation = ‘relu’, solver =’ !

NN5 NN5. Medium h1dd§n_layer_51zes (128, 64, 32, 16, 8), activation = ‘relu’, solver = ‘adam’,
max_iter = 500

NN5 NN5_Large hidde'n_layer_sizes = (128, 128, 64, 32, 16), activation = ‘relu’, solver = ‘adam’,
max_iter = 500

SvC SVC_Linear kernel = ‘linear’, probability = False

SvC o SVC_RBF . kernel = ‘rbf’, C =1, gamma = ‘scale’, probability = False

SvC o SVC_Poly . kernel = “poly’, degree = 3, probability = False

svC ° SVC_RBF_C10 e kernel = ‘rbf’, C =10, gamma = ‘scale’, probability = False

Table A3. Hyperparameter Sensitivity Results across Datasets.

Fake News Brain Stroke Diabetes
Model g & ®m_ 2 F E m_ 2§ & B_ 9
. . - o -~ E _ ] (=1 -~ E —_~ ] o -~ E —_
Configuration B N e > E e B 93] == ) B 0 == )
o >l o
o - 5 = o -~ = = S - 5 =
< =3 < = < &3

RF_Default 0919 0919 403 36.7 0924 0918 68 6.8 0.803 0.793 804 74.7
RF_200_20 0.901 0.9 423 384 0925 0919 141 135 0797 0797 1309 1229
RF_300_30 0.903 0.903 498 453 0924 0918 211 20 0.803 0.794 2230 209
RF_500_None 0.919 0.919 714 64.6 0925 0919 349 333 0804 0794 3795 352.6
NN5_Default 0934 0.934 665 404 0927 0922 1915 726 0607 068 74381 3694
NNb5_Small 0.94 0.94 684 411  0.888 0.903 384 331 0.604 0.685 15,875 1543
NN5_Medium 0938  0.938 899 481 0903 0911 983 357 0.621 0.686 133,041 5710
NNb5_Large 0.933 0.933 770 44.8 094 0926 2624 101.3 0.659 0.712 6252 8317
SVC_Linear 0938 0938 1961 149 095 0926 1003 99.7 0582 0.67 117,246 9424
SVC_RBF 0942 0942 3579 274 0.691 0.778 92 7.8 0.568 0.659 135,852 11,641
SVC_Poly 0.898 0.898 4654 350 0.818 0.864 79 6.5 0564 0.657 22,845 9050
SVC_RBF_C10 0944 0944 4337 337 0.852  0.885 79 6.8 0574 0.663 143,011 12,203
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Figure Al. Hyperparameter Sensitivity Analysis on Fake News Dataset.
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Figure A2. Hyperparameter Sensitivity Analysis on Brain Stroke Dataset.
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Figure A3. Hyperparameter Sensitivity Analysis on Diabetes Dataset.
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