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Abstract

Until recently, machine learning research has primarily focused on prediction ac-
curacy, often neglecting computational efficiency and environmental impact. In this
study, 10 models encompassing classical machine learning, ensemble learning, and
deep learning methods were evaluated on the SMS Spam Collection dataset (5,169
messages) using the proposed Multidimensional Green Al Framework. This frame-
work considers models in three dimensions: (i) classification performance (MCC
and F1-score), (ii) operational efficiency (p95 inference latency, RAM usage, and
model size), and (iii) environmental sustainability (energy consumption in Wh
and carbon footprint in kg CO.). The results reveal a clear accuracy—sustainability
trade-off. Although DistilBERT achieved the highest performance (99.13% accu-
racy, 0.9603 MCC), its marginal gains over simpler models come at a substantial
environmental and computational cost. Total pipeline time is approximately 1,720
times longer than Naive Bayes, and training carbon emissions are approximately
1,000 times higher than the most efficient models. Furthermore, CO: per one mil-
lion inferences is 88 times greater than Logistic Regression. In contrast, classical
models such as Naive Bayes and Logistic Regression demonstrated competitive
performance with significantly lower resource consumption, while ensemble meth-
ods, particularly XGBoost, offered a balanced trade-off between accuracy and ef-
ficiency. These findings highlight that model selection should not rely solely on
accuracy, but must also consider efficiency and environmental impact. Accordingly,
this study proposes a practical and environmentally aware Green Al framework for
use-specific model selection, supporting classical models for mobile/IoT environ-
ments, ensemble methods for edge computing, and deep learning approaches for
cloud-based systems where higher resource consumption is acceptable.
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1 Introduction

Advancements in the field of artificial intelligence, particularly deep learning and
transformer-based models, have enabled achieving accuracy rates of over 99% in
SMS spam detection [1]. However, this performance increase comes at a cost known
as “Red Al,” which requires massive computational resources, high energy consump-
tion, and carbon emissions [2]. The ability of a large-scale NLP model to generate
emissions equivalent to the lifetime carbon output of five cars during its training pro-
cess has opened up discussions on the impact of technological development on envi-
ronmental sustainability [3—5]. Unlike tasks requiring occasional processing, SMS
filtering is a high-frequency, always-on NLP task where the primary environmental
burden accumulates during billions of daily real-time inferences. Considering today’s
energy bottleneck and environmental issues, it has become increasingly important to
evaluate models multidimensionally, taking into account their classification success,
energy efficiency, and carbon footprint. In this context, the “Green AI” approach has
gained strategic importance for the future [6, 7].

Short Message Service (SMS) has been intensively used for communication and
information purposes in many areas, both personally and institutionally, since its
initial use [8, 9]. In recent years, while internet-based instant messaging platforms
have increased in personal use, their intensive use for notifications, communication,
advertising, and information purposes by institutions and organizations continues
[10-13]. According to the International Telecommunication Union’s 2025 report, the
total number of mobile cellular subscriptions worldwide is approximately 9.2 billion
[14]. Additionally, according to 2025 data, there are approximately 4.2 billion active
SMS users worldwide, and daily SMS traffic has reached 22 billion messages [15].
Statistics show that approximately 80% of emails are not read, while SMS messages
are read daily at a rate of 98% [16]. This widespread usage rate has made SMS
attractive for commercial purposes, cyber attacks, and spammers. As a result, there
has been a significant increase in abuses such as fraud, phishing (smishing), and the
spread of malware [17—19].

Spam SMS messages can be bothersome in content, but they can also cause
financial losses and security breaches. Rule-based filtering methods and blacklisting
techniques have been used to eliminate these threats. These traditional methods are
inadequate against wordplay, abbreviations, and contextual manipulations used in
spam messages [20, 21]. This situation has necessitated the development of machine
learning (ML) and deep learning (DL) approaches that can recognize more complex
patterns in text analysis [11, 22]. Zapata-Cortes et al. [23], in their literature review
on fraud detection, categorized the models into ‘Single Base Models’ (SBM) and
‘Stacked Ensemble Models’ (SEM) for examination. As a result of this review, they
noted that community methods exhibited superior performance with an accuracy of
over 90%.

In this study, the SMS Spam Collection dataset consisting of 5572 messages (5169
unique messages, 12.6% spam) was used [24, 25]. On this dataset, 10 different mod-
els (Logistic Regression, Naive Bayes, SVM, Random Forest, XGBoost, LightGBM,
LSTM, GRU, CNN, DistilBERT) from the categories of Classical Machine Learn-
ing, Ensemble Learning, and Deep Learning were compared. The comparison of the
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models was not limited to classical metrics such as accuracy but was conducted with
a comprehensive approach on the accuracy-sustainability axis using a Multi-Dimen-
sional Green Al Framework. Model evaluations were conducted under headings
such as classification success, computational efficiency, environmental sustainability,
and statistical rigor. In addition to these, threshold optimization for a better Mat-
thews Correlation Coefficient (MCC) value and CO: emissions measured using the
CodeCarbon module are also among the unique features of the study. Additionally,
the contributions of energy-efficient models like Logistic Regression and XGBoost,
which provide very little accuracy loss, and the usage costs of high-accuracy mod-
els like DistilBERT have been revealed. Based on these results, the aim has been to
determine the accuracy-sustainability paradox and technically appropriate strategies
for model selection in real applications.

2 Related work

Until a few years ago, studies in the field of artificial intelligence traditionally focused
on the classification accuracy of models. For the past few years, the high hardware
requirements, energy consumption, computational costs, and environmental sustain-
ability aspects of artificial intelligence systems, especially those based on large lan-
guage models (LLMs), have been discussed. This situation indicates a trend from a
resource-intensive approach prioritizing accuracy (Red Al) to an approach that also
prioritizes efficiency (Green Al) [2, 6]. Especially on platforms with limited hard-
ware, such as edge/mobile devices, the model size, RAM usage, and latency have
become critical success metrics as important as the accuracy rate [20, 26, 27]. This
cost increase can also be caused by factors such as data structures, algorithmic com-
plexity, and profit orientation [2]. Sanlialp et al. [28], in their research focusing on
the effects of code optimization on energy consumption, emphasized the importance
of optimization in devices powered by batteries, such as mobile phones and laptops.

2.1 Classical models and computational economy

Classical machine learning algorithms remain the most feasible options for resource-
constrained edge devices because of their minimal computing expenses [17]. Models
such as NB and LR have exceptionally low latency and reduced memory demands
[16]. Nuruzzaman et al. [27] shown in their research on an independent Android
smartphone that the word frequency-based framework of Naive Bayes offers minimal
storage requirements and rapid processing times, eliminating the necessity for intri-
cate vector tables [27]. The experimental results obtained from this study confirm this
efficiency; the Naive Bayes model is the fastest model with a total processing time of
0.56 s, generating 0.0036 kg of CO: for every million predictions, thus exhibiting a
low environmental impact. Logistic Regression, on the other hand, offers a structure
that can be easily deployed on mobile devices with a model size of 0.44 MB and the
lowest CO2/1 M prediction ratio (0.0032 kg) among all models.
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2.2 Ensemble learning: performance and energy trade-off

Due to their success in balancing accuracy and generalization capacity, ensemble
learning models are frequently preferred [29, 30]. Abid et al. [29] demonstrated in
their study that the Random Forest model achieved a 99% accuracy rate, showcasing
good performance. Sjarif et al. [31] proved in their research that the Random For-
est algorithm achieved a 97.5% accuracy rate, surpassing traditional models such as
Naive Bayes and SVM. However, the high accuracy rates of up to 99% offered by
models like Random Forest (RF) and XGBoost [29] increase computational costs
with the growing model depth and number of trees. Fatima et al. [32] focused on
hyperparameter optimization in their study to reduce these costs and increase model
efficiency. In this context, they have demonstrated that the Stochastic Gradient
Descent (SGD) model, supported by genetic algorithms and grid search techniques,
achieved an accuracy rate of 98.12% on the SMS Spam dataset, surpassing ensemble
models. Similarly, Kumar and Gupta [30] highlighted the necessity of feature prun-
ing techniques by stating that training high-dimensional feature vectors is costly and
can lead to memory issues on mobile devices. In this study, it was observed that
Random Forest was the most stable model with a generalization difference of 0.0048,
while XGBoost was found to offer an “optimal balance” between high performance
and low resource usage with an astonishingly small model size of 0.13 MB and an
average latency of 0.78 ms.

2.3 Meta-heuristic optimization and resource efficiency

Achieving a balance between accuracy and computational cost in artificial intelli-
gence systems is one of the important research topics from the Green Al perspective.
In this context, nature-inspired meta-heuristic algorithms are increasingly attracting
attention, particularly for their potential to reduce computational complexity and
energy consumption in model hyperparameter tuning and architecture optimization
processes. Genetic Algorithms (GA), Simulated Annealing (SA), and Bayesian Opti-
mization can be considered as established approaches in this field; meanwhile, swarm
intelligence and evolutionary methods such as Particle Swarm Optimization (PSO),
Differential Evolution (DE), Grey Wolf Optimizer (GWO), Firefly, and Cricket have
also demonstrated their success in enhancing resource efficiency without compromis-
ing model accuracy [32-34].

Alhussan et al. [35] proposed a hybrid BERPO approach combining Al-Biruni
and Puma Optimization for quality of service classification in 5G networks. This
method achieved 99.6% accuracy by optimizing feature selection and data balancing
processes. El-Kenawy et al. [36] developed the Glider Snake Optimizer (GSO) algo-
rithm for high-dimensional optimization problems. GSO provided up to 90% error
reduction compared to existing algorithms. El-Kenawy et al. [37] presented a hybrid
ARIMA model supported by Greylag Goose Optimization for electricity demand
forecasting in smart cities. The model minimized computational load while achieving
a high forecasting accuracy of R>=0.99995. Radwan et al. [38] significantly reduced
the computational cost of hyperparameter tuning and feature selection by combining
the binary iHOW optimization algorithm with a Multi-Scale Attention Network.
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The common finding of these studies shows that nature-inspired optimization
techniques can reduce resource consumption while maintaining model performance.
These findings align with the proposed Multi-Dimensional Green Al Framework in
the study and lay the groundwork for the integration of hyperparameter optimization
and model compression techniques in future SMS spam detection systems.

2.4 Deep learning: carbon footprint, energy and memory

Deep learning (DL) architectures are known for their ability to capture temporal and
spatial dependencies in text, but high RAM usage makes it difficult for these mod-
els to run on low-configuration devices [11, 21]. Recurrent neural networks (RNN)
such as LSTM and GRU are not suitable for parallel processing due to their sequen-
tial computation structures, which extends training times and increases energy con-
sumption [2, 39]. Altunay and Albayrak [11] have noted that despite the accuracy
advantage of hybrid CNN + GRU models, the requirement for memory capacity is a
significant constraint.

To reduce these costs, techniques such as model quantization and pruning are
widely discussed in the literature with the aim of reducing the model’s size with-
out significantly affecting its accuracy [2, 7]. Paula et al. [40] empirically compared
multiple transformer variants (BERT, DistilBERT, ELECTRA, TinyBERT, Mobile-
BERT) in terms of energy consumption and carbon emissions using CodeCarbon
with hardware-level CPU and GPU monitoring. Notably, DistilBERT consumed 53%
less energy than BERT (3.364 kWh vs. 7.197 kWh) with only a marginal 0.27% accu-
racy difference (95.88% vs. 96.15%), demonstrating that compression techniques can
reduce energy consumption by up to 32% while maintaining accuracy above 95%.
Savci and Das [41] compared 12 different pre-trained transformer models (BERTurk,
ConvBERTurk, ElecTRa, DistilBERTurk) in a Turkish multi-class text classification
task with 250,000 samples. They found that CO- emissions differed by up to 317
times among models with similar accuracy levels (0.61 vs. 193.80). This result shows
that model selection has serious consequences not only in terms of performance but
also in terms of the environment. Yokoyama et al. [42], on the other hand, examined
the energy consumption of classical machine learning algorithms such as XGBoost
and Random Forest in different hardware configurations. It was observed that hard-
ware architecture and energy source could significantly change the carbon footprint
of the same model.

The experimental data obtained in this study corroborate these findings: deep
learning models (CNN, LSTM, GRU, DistilBERT) require between 97 and 291 MB
of RAM during inference and CO: emissions per one million predictions are approxi-
mately 53 times higher compared to classical models (0.2015 kg vs. 0.0038 kg),
while training emissions are on average 137 times greater (0.000593 kg vs. 0.000004
kg) — confirming that empirical energy tracking remains absent from SMS spam
detection literature prior to this work, a gap directly addressed by the present study.
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2.5 Transformer models and “Red Al” cost

Building on the empirical energy comparisons presented in Sect. 2.4, transformer-
based models represent the most resource-intensive end of the computational spec-
trum in NLP tasks.

Transformer-based models (BERT, DistilBERT) are leading in SMS spam detec-
tion with over 99% accuracy performance [1, 39]. However, the massive number
of parameters and “Attention” mechanisms of these models make them high-cost
examples of “Red AI” [7]. The training of a single large language model (LLM) can
sometimes produce emissions equivalent to five times the amount of carbon emitted
by a car over its lifetime [4, 7]. Although the DistilBERT model used in this study
in this study achieved the highest classification success with a 0.9603 MCC score, it
requires 1720 times longer than classical models, specifically Naive Bayes, in terms
of total development time (963.15 s vs. 0.56 s), due to its 255.54 MB model size.
This situation indicates that the approximately 3.5% MCC improvement offered by
DistilBERT is not operationally sustainable on low-configuration mobile devices or
systems with limited energy budgets.

The comparative literature review in Table 1 shows that various models are suc-
cessful in SMS spam detection with an accuracy range of 97-99%. However, none
of the studies reviewed provided empirical measurements for energy consumption or
carbon emissions. Studies using transformer-based models such as BERT and Distil-
BERT [1, 39] theoretically acknowledge high operational costs. In contrast, classical
and ensemble model studies [17, 29, 31] focused only on classification accuracy.
This gap in the literature formed the main motivation for the empirical Green Al
framework proposed in this study. The study presents the first quantitative energy and
carbon comparison on 10 models in the field of SMS spam detection, and the findings
are given in Sects. 4-5.

3 Materials and methods

This study is based on a multidimensional methodology that considers not only high
accuracy performance of models in SMS spam detection but also energy efficiency,
computational costs, and real-time deployment requirements (Fig. 1). The process
consists of the stages of data set analysis, advanced preprocessing techniques, feature
extraction, and modeling.

3.1 Dataset and exploratory data analysis

In this study, the “SMS Spam Collection” dataset, considered important in the litera-
ture for SMS spam detection and located in the UCI Machine Learning Repository,
was used [24, 25]. The original dataset consisted of 5572 messages. In the prepro-
cessing stage, performed to improve data quality, tag conflicts were checked and 403
duplicate records were removed. This left 5169 unique messages. The cleaned dataset
contained 4516 ham (87.37%) and 653 spam (12.63%) messages. Statistical analyses
of'the structural features of the messages revealed significant differences between raw
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Table 1 Performance and Sustainability-Focused Comparison of SMS Spam Detection Approaches

Study Core models and Performance Efficiency and sustainability note
approach (accuracy/MCC)
Results  LR,NB, SVM, RF,  %99.13 Accu- Empirical measurement of CO: emissions
of This XGBoost, LGBM, racy/0.9603 MCC (e.g., 0.002240 kg for DistilBERT) and en-
Study LSTM, CNN, GRU, (DistilIBERT) ergy (e.g., 0.004822 kWh for DistilBERT) via
DistilBERT CodeCarbon; precise tracking of RAM and
p95 inference latency (0.31-86.26 ms) across
10 models.
Air- CNN-LSTM, CNN-  %99.08 Accuracy Analyzed model parameter counts and
langga, = GRU, ResNet (ResNet) algorithmic complexity, but lacked empirical
G. [26] measurements of physical energy consump-
tion (Wh) or carbon footprint.
Ghoura- BERT & GPT-3 Em- %99.91 Accuracy Discussed the high operational costs of
bi, A., & bedding+Ensemble (Weighted Voting)  transformer models theoretically, but did
Alohaly, Learning not provide empirical tracking of hardware
M. [1] energy consumption or inference latency.
Sjarif, N. TF-IDF+Random %397.5 Accuracy Evaluated algorithms solely based on classifi-
N.A.et Forest (RF) (RF) cation accuracy; operational efficiency (infer-
al. [31] ence speed, training time) and sustainability
metrics were excluded.
Abid, M. TF- %99.0 Accuracy Achieved high accuracy on imbalanced data,
A.etal. IDF+RF+SMOTE (RF) but the computational overhead (CPU/memo-
[29] ry cost) resulting from increased tree depth in
the Random Forest model was not analyzed.
Puda- RVM, SVM, Naive  %98.84 Accuracy Noted that RVM inference time is comparable
saini, Bayes, LSTM (RVM) to SVM, though its training time is longer due
S.etal. to “prior information” computations; specific
[17] energy or carbon metrics were not provided.
Salman, TCSVM, Word2Vec, %97.8 Accuracy Focused on model robustness against evasion
M.etal. GloVe, fastText (TCSVM) (e.g., “Charswap”); however, the impact of
[18] these defense mechanisms on real-time filter-
ing latency and energy load was not reported.
Zawaid- SVC, Naive Bayes,  %98.02 Accuracy Maximized accuracy through extensive
eh,F.et  AdaBoost (SVC) hyperparameter optimization (BoW/TF-IDF),

al. [13]

but the resulting hardware resource consump-
tion (RAM/Energy) was not quantified.

and spam messages. In terms of character length, spam messages reach an average of
137.89 characters, nearly double that of raw messages (70.46 characters). In terms of
word count, spam messages contain an average of 23.68 words, while raw messages
are shorter with 14.13 words. Word frequency analysis has shown that spam content
is concentrated with commercial and urgency-indicating keywords such as “free,”
“call,” “text,” and “win,” while raw messages contain a more general and personal
language. These observations demonstrate that word frequency and text length will
be strong distinguishing parameters for text classification algorithms [17, 43].

3.2 Data preprocessing
Training Natural Language Processing (NLP) models with noise-free, clean data not

only enhances classification performance but also minimizes computational costs by
eliminating unnecessary features [7]. In this context, a preprocessing strategy specific
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Fig. 1 Multi-dimensional model evaluation and Green Al-based decision framework methodology for
SMS spam detection

to the model types was applied in this study using the Python, NLTK, and Beautiful-
Soup libraries.

3.2.1 Basic preprocessing (for all models)

Some data preprocessing steps were applied uniformly to all models and include the
following steps:
Text cleaning: HTML tags and special characters were removed, and Unicode

normalization (NFKC) was applied.

Semantic masking: To enhance the generalization ability of the models, phone
numbers were masked with the "< PHONE> " label, email addresses with the "<
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EMAIL> " label, URLs with the "< URL> " label, and numerical values with the ‘<
NUM> " label.

Emoji conversion: To prevent semantic loss in messages, emojis were converted
into textual expressions (like — “smiling_face”).

Character normalization: The entire texts were converted to lowercase, and
repeated characters were normalized (e.g., “Goooood” — “good”).

These preprocessing preferences aim to reduce feature space complexity. Seman-
tic Masking replaces thousands of unique tokens (such as specific URLs or phone
numbers) with a single tag. This significantly reduces input vocabulary size and com-
putational load during training. Emoji Conversion preserves the emotional context
critical to spam, and does so without requiring a separate emoji-supported embedding
layer, thus maintaining model lightness.

3.2.2 Extended preprocessing for classical machine learning

In addition to the basic preprocessing for classical machine learning models, the fol-
lowing steps have been applied:

Abbreviation (chat) transformation: 93 slang/abbreviations commonly found
in SMS, such as "u" (you), "r" (are), "ASAP" (As Soon As Possible), have been
replaced with their standard forms to ensure semantic coherence in the text.

Filtering out stop words: English "stop-words" (the, a, is, etc.) that do not have a
direct impact on classification have been removed.

Morphological analysis: WordNetLemmatizer has been used to obtain the con-
textual roots of words ("running" — "run").

Lemmatization was specifically applied to classical models to normalize mor-
phological variations into a single root. While this adds a one-time computational
overhead during preprocessing, it substantially reduces the dimensionality of the
CountVectorizer matrix, leading to faster inference and lower RAM usage on mobile
devices.

3.2.3 Minimal preprocessing for deep learning

Since deep learning models such as LSTM, GRU, and CNN can learn word represen-
tations through their own embedding layers, only basic preprocessing (Section Basic
preprocessing (for all models)) has been applied to these models. Operations such
as chat transformation, stop-word filtering, and lemmatization have not been used
because they could limit the learning capacity of deep learning models.

3.3 Feature extraction and vectorization

Two different vectorization strategies specific to model types have been adopted to
make textual data suitable for algorithmic processing:

Count vectorization (for classical machine learning models): CountVector-
izer has been used to create word frequency-based feature matrices for Naive Bayes,
Logistic Regression, Support Vector Machines, and ensemble learning models. This
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method generates a sparse matrix structure by counting how many times words
appear in documents and increases computational efficiency [2].

The vectorizer configuration is as follows:

N-gram range: (1,3) - from single words to three-word groups

min_df: 1 (include all terms that appear in at least 1 document)

max_df: 1.0 (include all terms)

binary: False (preserve frequency information)

With this configuration, the vocabulary size extracted from the training set was
determined to be 57376 features, and the training matrix was created with dimensions
(4135 x 57376).

Tokenization and sequence padding (for deep learning models): Texts have
been converted into integer sequences using the Keras Tokenizer library for deep
learning models such as LSTM, GRU, and CNN. In this process, the following were
done:

Vocabulary size: 10,000 words (most frequently used words)

Out-of-vocabulary (OOV) token: “<OOV>" (special marker for words outside
the vocabulary)

Sequence length: 100 tokens (standardization with post-padding and
post-truncating)

Padding strategy: Adding zeros to the end of short messages, truncating long
messages from the end.

The tokenizer was fitted only on the training set to prevent data leakage, and the
same vocabulary was used for the transformation on the test set. The actual vocabu-
lary size obtained from the training set was 7816 unique tokens, and the training
matrix was created with dimensions (4135 x 100).

3.4 Model training, hyperparameter optimization, and environmental
monitoring

Considering the imbalanced dataset and algorithmic diversity for the spam detection
problem, 10 algorithms proven effective in the field of text classification in the litera-
ture have been compared in three categories:

- Classical Machine Learning (3): Logistic Regression (LR), Naive Bayes (NB),
Support Vector Machines (SVM)

- Ensemble Learning (3): Random Forest (RF), XGBoost (XGB), LightGBM
(LGBM)

- Deep Learning (4): LSTM, GRU, CNN, DistilBERT (Transformer-based)

Performance metrics: The success of the models has been evaluated using the
following metrics (Eq. 1, 2, 3, 4, 5, 6):

Accuracy = (TP + TN) / (TP + TN + FP + FN) @)
precision = TP / (TP + FP) )
Recall (Sensitivity) = TP / (TP + FN) 3)
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F1— Score = 2 x (Precision x Recall) | (Precision + Recall) (4)

Specificity = TN /| (TN + FP) %)
1

ROC — AUC = [TPR(FPR)dFPR 6)
0

where

TP, TN, FP, FN: Confusion matrix elements

TPR= TP/(TP+FN), FPR = FP/(FP+TN)

Hyperparameter optimization: In classical and ensemble models, 5-fold strati-
fied CV (scoring: PR-AUC) was applied using GridSearchCV. In deep learning mod-
els, a manual 5-fold CV loop was used; the LSTM/GRU bidirectional architecture
(64—32 units, dropout=0.5, embedding dim=128, vocabulary=10,000), the CNN
convolutional structure (128—64 filters, kernel size=5—3), and DistilBERT as
the pretrained model with 66M parameters (max_length=128, learning_ rate=2e-5,
epochs=3, batch size=16) were configured. For deep learning models (LSTM,
GRU, CNN), no exhaustive grid search was conducted due to prohibitive compu-
tational costs — consistent with Green Al principles. Architecture configurations
were manually evaluated across 5-fold CV with a maximum of 15 epochs per fold
(batch_size=32), resulting in up to 75 total training passes per model. EarlyStopping
(patience=3, monitor=val loss) and ReduceLROnPlateau (factor=0.5, patience=2,
min_lr=1e-6) callbacks were applied throughout both CV and final training, reduc-
ing actual training to an average of 8-12 epochs per fold and yielding an estimated
20—40% reduction in energy consumption compared to fixed-epoch training. Dis-
tilBERT was fine-tuned for a fixed 3 epochs with EarlyStopping (patience=1) as an
energy-saving safeguard, as convergence was verified during CV runs.

Threshold optimization: The decision threshold (Eq. 7) for all models has been
optimized to maximize the Matthews Correlation Coefficient (MCC) (Eq. 8):

Optimal Threshold Determination:

t* = argmax MCC (t), t € [0.01, 0.99] @)

Matthews Correlation Coefficient:

TPxTN — FPxFN
MCC = (8)
VI(TP+FP)(TP+ FN) (TN + FP) (TN + FN)]

where

t*: Optimal decision threshold

t €[0.01, 0.99]: Search range (evaluated at 100 steps)

MCC € [-1, 1]: -1 (perfect disagreement), 0 (random), +1 (perfect)

This process was performed using 5-fold cross-validation estimations to reduce
the risk of overfitting. To ensure validity, all feature extraction steps (CountVector-
izer and Tokenizer) were applied only to the training folds. This prevented any data
leakage from the test set to the thresholding process. Thanks to this approach, the
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vocabulary of the test set remains unseen during the feature extraction phase, allow-
ing for a more realistic evaluation of the models' performance on new data.

Environmental monitoring: In line with "Green AI" goals, energy consumption
and carbon emissions have been measured throughout all training and inference pro-
cesses. CO:2 emissions have been calculated using the CodeCarbon library through
the following formula (Eq. 9):

COs (kg) = P (kW) x t(h) x CEF (kgCO/kWh) ©)

where:

P: Average power consumption (CPU/GPU)

t: Total runtime (training + inference)

CEF: Regional carbon emission factor

The Carbon Emission Factor (CEF) was dynamically determined by CodeCarbon
according to the regional energy grid (Turkey) [45] and the average value was mea-
sured as 0.465 kg CO2/kWh. This value reflects a grid mix based predominantly on
fossil fuels. For comparison, if the same calculation scheme were used in a region
with high renewable energy intensity (e.g., Sweden, CEF~0.012), the absolute CO-
emissions would decrease by approximately 97% without changing the energy con-
sumption (Wh) of the models.

Additionally, RAM usage (MB), inference latency (mean, p95, p99), model size
(MB), and generalization capacity (train-test accuracy gap) have been systematically
recorded using the CodeCarbon and psutil libraries.

All models were trained and evaluated on the same train-test split (80%-20%,
stratified, random_state=42).

3.5 Experimental setup and environment

The model trainings, hyperparameter optimizations, and duration measurements in
this study were fairly compared by being conducted on a device with the same hard-
ware. The experiments were conducted on a device with an Intel Core 17-10750H
2.60 GHz processor, 16 GB DDR4 memory, NVIDIA GeForce RTX 2060 6GB
graphics card, and Windows 11 64-bit operating system. Python 3.10 was used in the
Jupyter Notebook development environment for the software. For classical models,
the scikit-learn (v1.6.1) library was used, and for deep learning models, the Ten-
sorFlow/Keras (v2.10.0) libraries were used. For environmental impact (CO2) and
energy consumption calculations, the CodeCarbon (v3.2.5) library was used.

4 Experimental results
In this section, 10 different models trained on the SMS Spam Collection dataset were
examined in terms of classification success, computational efficiency, environmental

sustainability, and statistical rigor. The findings reveal not only the prediction success
of the models but also their operational costs in terms of “Green AI” [2, 6].
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4.1 Classification performance and model metrics

The dataset used has an imbalanced distribution (Sect. 3.1). Therefore, in the evalu-
ation of the models’ success, the Matthews Correlation Coefficient (MCC), a more
reliable metric for imbalanced datasets, has been used instead of Accuracy [17, 44].

In Table 2, the performance metrics of the models sorted by their MCC scores
are shown. According to these results, the most successful model of the study was
DistilBERT, with an accuracy of 99.13% and an MCC score of 0.9603. Especially the
100% precision rate indicates that DistilBERT did not mistakenly label any normal
messages as spam.

When examining the average MCC performance of the models by category:

® Deep Learning: MCC 0.9354 (highest).
o C(Classical ML: MCC 0.9203.
e Ensemble: MCC 0.9046.

These results indicate that deep learning models are generally better in classification
performance [26]. However, the rise of Naive Bayes to the 4th position in the overall
rankings (MCC: 0.9250) indicates that probabilistic models are still competitive in
text classification.

4.2 Computational efficiency and mobile device compatibility
4.2.1 Inference latency and model size

In real-time SMS filtering systems, the prediction speed (latency) and size of the
models are crucial for operational sustainability. Table 3 presents the mobile deploy-
ment metrics of the models.

The operability of the models on low-configuration devices (mobile, edge devices,
etc.) has been evaluated based on model size, RAM usage, and inference latency [20,
27]. Logistic Regression stands out as the most suitable model for mobile platforms
with a 0.31 ms p95 latency and a size of 0.44 MB. DistilBERT, with a size of 255.5

Table 2 Comparison of Models’ Classification Performance in SMS Spam Detection (Sorted by MCC
Score)

Model Category Accuracy Precision Recall F1-Score MCC  ROC-AUC
1 DistilBERT Deep Learning  0.9913 1.0000  0.9313 0.9644  0.9603 0.9983
2 GRU Deep Learning  0.9865 1.0000  0.8931 0.9435  0.9378 0.9897
3  LSTM Deep Learning  0.9865 0.9916  0.9008 0.9440  0.9377 0.9871
4 NaiveBayes  Classical 0.9836 0.9453  0.9237 0.9344  0.9250 0.9841
5 LR Classical 0.9826 0.9248  0.9389 0.9318  0.9219 0.9911
6 SVM Classical 0.9807 0.9111 0.9389 09248 09139 0.9935
7  XGBoost Ensemble 0.9807 0.9302  0.9160 0.9231  0.9121 0.9849
8 CNN Deep Learning  0.9797 0.9583  0.8779 0.9163  0.9059 0.9792
9  LightGBM Ensemble 0.9787 09160  0.9160 0.9160  0.9038 0.9873
10 RandomForest Ensemble 0.9778 0.9286  0.8931 0.9105  0.8980 0.9887
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Table 3 Comparison of System Resource Consumption and Inference Efficiency of Evaluated Models
(Sorted by p95 Latency)

Rank Model Category Model Size RAM Infer- Latency Latency
(MB) ence (MB)  p95 (ms) p99 (ms)
1 LR Classical 0.4386 0.0117 0.3052 0.4881
2 NaiveBayes Classical 1.7517 0.0117 0.4797 0.6272
3 XGBoost Ensemble 0.1324 0.0117 0.8091 0.9589
4 SVM Classical 0.3440 0.0273 0.8797 0.9696
5 RandomForest Ensemble 0.8720 0.0234 10.9491 12.2899
6 CNN Deep Learning 4.2566 97.4648 44.2819 48.1349
7 LSTM Deep Learning 43969  256.1641 59.3449 72.1265
8 GRU Deep Learning 4.2660 233.3242 60.6467 74.4037
9 DistilBERT Deep Learning 255.5393 291.2266 86.2640 91.8661
10 LightGBM Ensemble 1.1108 0.0117 204.1804  214.4331

Note: The RAM inference values (0.0117 MB) for classical and ensemble models reflect the minimum
measurable resolution of the psutil library, likely corresponding to standard OS memory page sizes
(3 x4 KB~12 KB), indicating that their actual memory consumption during inference is negligible.

MB, requires 583 times more disk space than Logistic Regression and creates dif-
ficulty in real-time mobile applications with a p95 latency of 86.26 ms.

In terms of RAM usage, classical ML and ensemble models consume negligible
memory during inference, while deep learning models average 219.5 MB (excluding
DistilBERT: 195.7 MB). XGBoost offers the most compact solution in terms of stor-
age efficiency with a model size of 0.13 MB.

Average latency times (p95) by category:

e (lassic ML: 0.55 ms (mobile compatible).
e Deep Learning: 62.63 ms (cloud recommended).
e Ensemble: 71.98 ms (edge computing compatible).

These findings indicate that the preference for classic ML models in resource-con-
strained environments (mobile devices, [0T) is essential in terms of both latency and
model size [7]. When examining the visual in Fig. 2, the high p95 latency value of
204.18 ms for LightGBM indicates that ensemble methods can show unexpected
increases in prediction time when processing sparse high-dimensional feature vectors.

4.2.2 Training and development durations

In real-time SMS filtering systems, the prediction speed of models and total devel-
opment times are of great importance in terms of operational continuity [44]. Table
4 presents the time performance of the models in the cross-validation, training and
inference processes in detail.

When Table 4; Fig. 3 are examined, Naive Bayes was the fastest model in terms
of development with a total time of 0.56 s. Logistic Regression provided the highest
efficiency in real-time applications with an average delay of 0.29 ms per sample. In
contrast, DistilBERT was recorded as the slowest model with a total time of 963.15 s
(approximately 16 min) due to its complex transformer architecture.
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Accuracy vs Latency Trade-off
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Fig. 2 Trade-off Analysis of Classification Accuracy and Inference Latency of Models

Table 4 Comprehensive Time Cost and Computational Efficiency Analysis of Evaluated Models (Sorted
by Total Development Time)

Model Category CV (s) Training (s) Inference (s) Total (s) Latency Mean (ms)
NaiveBayes  Classical 0.1776 0.0029 0.3796 0.5601 0.3671
LR Classical 1.3220  0.0648 0.2980 1.6848 0.2882
SVM Classical 19.2389  2.0084 0.8034 22.0507  0.7770
RandomForest Ensemble 36.2483 0.6655 9.9246 46.8384 9.5983
XGBoost Ensemble 58.0378 1.3179 0.8032 60.1590  0.7768
CNN Deep Learning  28.4088 6.8563 42.4287 77.6937  41.0335
LightGBM Ensemble 29.9633 0.1782 104.9502 135.0918 101.4993
GRU Deep Learning 108.1223  22.7599 56.4830 187.3652  54.6257
LST™M Deep Learning 119.9789  29.8895 56.0822 205.9506  54.2381
DistilBERT  Deep Learning 721.0333 171.3013 70.8128 963.1474  68.4844

Significant differences have been observed in hyperparameter optimization (CV)

times:

DistilBERT: 721.03 s (slowest CV - manual 5-fold loop).
LSTM: 119.98 s, GRU: 108.12 s (deep learning).
SVM: 19.24 s (kernel computation cost).

Naive Bayes: 0.18 s (fastest CV - probabilistic simplicity).

The differences are quite striking when looking at inference times on a model-by-
model basis. Logistic Regression was the fastest model with an inference time of 0.30
s across the entire test set. LightGBM, on the other hand, was the slowest at 104.95
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Comprehensive Time & Efficiency Analysis
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Fig. 3 Panel of Model Time Cost and Computational Efficiency: Training Processes, Delay Distribu-
tions, and Category-Based Performance Analysis

s. This difference suggests that LightGBM may encounter unexpected computational
overhead in high-dimensional sparse feature spaces.
Average inference latencies (latency mean) by model category:

e C(lassical ML: 0.48 ms (ultra-fast).
e Deep Learning: 54.60 ms (moderate).
e Ensemble: 37.30 ms (moderate-to-high).

When examining the average model development times (CV + Training + Inference),
it is observed that classical models require 8.10 s, ensemble models require 80.70
s, and deep learning models require 358.54 s. These results indicate that classical
models provide time efficiency in processes such as prototype development and itera-
tive model improvement. Additionally, these findings indicate that the preference for
classical models in edge/mobile devices with limited resources is necessary in terms
of both development speed and inference performance [7, 27].

4.3 Environmental sustainability and energy consumption

The environmental metrics measured with the CodeCarbon module reveal the carbon
emissions and energy consumption of the models from a “Green AI” perspective [6,
7]. The CO: emissions, energy consumption, and energy costs per unit prediction for
all models are provided in Table 5.

According to the findings in Table 5 and the visual in Fig. 4, Logistic Regres-
sion is the most environmentally friendly model with an inference CO- emission of
0.000003 kg, while DistilBERT causes approximately 373 times more carbon emis-
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Table 5 Analysis of Environmental Sustainability and Energy Consumption of Models (Sorted by Infer-

ence CO2 Emission)

Model Training Training En- Inference Inference En- C0O2/1
CO2 (kg) Energy ergy/1000  CO2 (kg) Energy ergy/1000 M pred
(kWh) train (Wh) (kWh) pred (Wh)  (kg)
LR 0.000003 0.000006  0.001355 0.000003  0.000007 0.006879  0.003196
NB 0.000002  0.000005 0.001256  0.000004 0.000008 0.007655  0.003557
SVM 0.000008  0.000018  0.004392  0.000005 0.000010 0.009962  0.004628
XGBoost  0.000010  0.000022  0.005292  0.000005 0.000012 0.011448 0.005319
RF 0.000004  0.000009  0.002265 0.000033  0.000071 0.068309  0.031735
CNN 0.000054  0.000115 0.027871 0.000142  0.000305 0.295173 0.137133
LSTM 0.000224  0.000483 0.116711 0.000200 0.000430 0.415943 0.193241
GRU 0.000143 0.000309  0.074666  0.000201 0.000432 0.418098  0.194243
DistilBERT 0.001949  0.004195 1.014400  0.000291 0.000627 0.606027  0.281552
LightGBM  0.000003 0.000006  0.001536  0.000344 0.000740 0.715450  0.332388
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Fig. 4 Environmental Impact and Sustainability Panel of Models: Categorical Distribution of Carbon
Emission (CO2) and Energy Consumption

sions than Naive Bayes with a total CO: of 0.002240 kg. This situation indicates that

the environmental costs of deep learning models increase rapidly compared to classi-

cal models due to their high computational requirements.
Energy consumption of models for 1000 predictions:

e Logistic Regression: 0.0069 Wh (ultra-efficient).
e Naive Bayes: 0.0077 Wh (ultra-efficient).
e XGBoost: 0.0114 Wh (efficient).
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e (CNN: 0.2952 Wh (moderate).
e GRU/LSTM: ~0.417 Wh (high).
e DistilBERT: 0.6060 Wh (resource-intensive).

These findings show that achieving a 3.84% improvement in the MCC metric (LR:
0.9219 — DistilBERT: 0.9603) requires 88 times more carbon footprint in terms of
environmental cost. In large-scale deployment scenarios where millions of predic-
tions are made daily, this difference translates to significant energy costs and carbon
emissions.

For example, in a system making 1 million predictions per day:

e Logistic Regression: 0.0069 kWh/day (~1.17 kg CO2/year).
e DistilBERT: 0.6060 kWh/day (~102.86 kg CO-/year).

This comparison clearly demonstrates that model selection should be evaluated not
only for accuracy but also for operational sustainability in line with “Green AI” prin-
ciples [6].

4.4 Model generalization and statistical stability

The consistency of the models on the training and test data was examined through the
accuracy-based generalization difference [44]. Table 6 presents the training-test accu-
racies, generalization differences, and cross-validation stability metrics of all models.

Random Forest was the most robust model against changes in the dataset with an
accuracy-based generalization difference of 0.0048. This low difference value con-
firms that ensemble methods are inherently strong against overfitting. DistilBERT,
despite its high accuracy, exhibited acceptable stability with a difference of 0.0056.

Although the LR and SVM models achieved 100% accuracy in the training set,
it is noteworthy that their accuracy-based generalization differences remained below
0.02. This indicates that the applied methodology (5-fold stratified CV, MCC-based
threshold optimization, comprehensive preprocessing) successfully controlled
overlearning.

Table 6 Generalization Gap and Stability Analysis Between Training and Test Performance of the Models

Model Category Train Test Gen. Gen. (0% (0% Risk
Accuracy  Accuracy  Gap Gap Acc. Acc. Level
(Acc) (MCC) Mean Std
RF Ensemble 0.9826 0.9778 0.0048  0.0216 0.9799 0.0041 Low
DistilBERT Deep Learning  0.9969 0.9913 0.0056  0.0254 0.9889 0.0034 Low
GRU Deep Learning  0.9971 0.9865 0.0106  0.0490 0.9780 0.0037 Low
XGBoost  Ensemble 0.9918 0.9807 0.0111  0.0504 0.9780 0.0027 Low
LSTM Deep Learning  0.9993 0.9865 0.0128  0.0590 0.9843 0.0032 Low
LightGBM Ensemble 0.9940 0.9787 0.0152  0.0685 0.9802 0.0039 Low
NB Classical 0.9993 0.9836 0.0157  0.0717 0.9574 0.0071 Low
LR Classical 1.0000 0.9826 0.0174  0.0781 0.9821 0.0032 Low
CNN Deep Learning  0.9973 0.9797 0.0176  0.0820 0.9741 0.0044 Low
SVM Classical 1.0000 0.9807 0.0193  0.0861 0.9826 0.0035 Low
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Risk level status (gap):

e High Risk (gap>0.10): 0 models.
e Medium Risk (0.05<gap<0.10): 0 models.
e Low Risk (gap<0.05): 10 models (all models).

CV stability status (CV Accuracy Std):

o Most stable: XGBoost (std: 0.0027), LR, LSTM (std: 0.0032).
e Most variable: NB (std: 0.0071), CNN (std: 0.0044).

The training-test accuracy comparison, gap risk analysis, stability of classical and
ensemble models, and robustness of deep learning models are detailed in Fig. 5.

The fact that the accuracy-based generalization difference of all models remains
below 0.02 indicates that the data splitting strategy (stratified splitting), cross-valida-
tion protocol, and threshold optimization processes applied in the study are reliable.
These results provide strong evidence that the models can exhibit similar perfor-
mance in real-world applications.

4.5 Multidimensional model evaluation and usage recommendations

When the findings of this study are evaluated from multiple perspectives, it shows
that there is no single “best model”; rather, the choice should be made according
to the use case, system requirements, and organizational priorities. Table 7 shows

Overfitting & Generalization Analysis
Generalization Gap — Accuracy & MCC
Train vs Test Accuracy Comparison (R1 #8)

Classical & Ensemble Models Stability Deep Learning Models Robustness.

Fig. 5 Model Generalization Capacity and Overfitting Analysis: Differences Between Training-Test
Performance (Generalization Gap) and Risk Assessment
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Table 7 Model Selection Matrix According to Use Cases: Performance, Sustainability, and Operational

Efficiency Focused Decision Analysis

Scenario  Model Accuracy

MCC

Latency CO2/1 M pred Model

p9s5 (kg)

Size

Reason

Mobile LR/ 98.26%/98.36%
(On- NB
Device)

Real-Time NB 98.36%
Filtering

Edge LR/ 98.26%/98.07%
Computing XG-
(IoT) Boost

Cloud Distil- 99.13%
(High- BERT
Accuracy)

Green Al LR 98.26%
Priority

Balanced GRU 98.65%

0.9219/0.9250

0.9250

0.9219/0.9121

0.9603

0.9219

0.9378

0.31/0.48 0.0032/0.0036 0.44/1.75

ms

0.48ms 0.0036

0.31/0.81 0.0032/0.0053 0.44/0.13

ms

86.26 ms 0.2816

03Ims 0.0032

60.65 ms 0.1942

MB

1.75 MB

MB

255.54
MB

0.44 MB

427 MB

Ultra-
low
latency,
minimal
footprint,
lowest
CO/1IM
among
classical
models

Fast
inference
(0.48ms),
minimal
energy
LR:
lowest
CO: and
small
footprint;
XG-
Boost:
most
compact
model

Highest
accu-
racy and
MCC, no
resource
con-
straints

88x less
CO: than
Distil-
BERT
High
accu-
racy +ac-
ceptable
latency
and cost

the recommended models and performance-efficiency trade-offs for different deploy-

ment scenarios.

Accuracy-Latency-Carbon triangle:

e (lassic ML: ~98% accuracy, <1 ms latency, minimal carbon — Mobile, IoT.
e Ensemble: ~98% accuracy, 0.81-204.18 ms latency, low carbon — Edge comput-

ing.
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® Deep Learning: ~98-99% accuracy, 44—86 ms latency, medium-high carbon —
Cloud.

Example: In a system processing 10 million SMS per day, Naive Bayes emits 0.036
kg CO2/day, while DistilBERT emits 2.82 kg CO2/day.

This trade-off in Table 7 clearly demonstrates the necessity of making a conscious
model selection based on system requirements. Especially institutions/organizations
with “Green AI” goals should not forget that a less than 1% increase in accuracy
comes with 79 times more carbon cost [6].

5 Discussion

This study has shown that models should be evaluated as a whole not only based on
performance success but also considering computational cost and environmental sus-
tainability, specifically on the “SMS Spam Collection” dataset. Overall, it highlights
the sharp distinction between the “Red AI” and “Green AI” paradigms [2, 6] fre-
quently discussed in the current literature, using data to illustrate this difference. This
distinction shows that evaluations in many areas where machine learning models are
used should be considered as a whole.

5.1 Performance and accuracy perspective

DistilBERT yielded the best results in terms of classification performance; with an
MCC of 0.9603 and accuracy of 99.13%. It is noteworthy that this model achieved
100% Precision because no genuine messages were mistakenly marked as spam,
which is quite important in terms of user trust [1]. Among deep learning models,
GRU showed strong performance with an MCC of 0.9378. Classical models also
exceeded expectations; Naive Bayes achieved an MCC of 0.9250, and Logistic
Regression achieved an MCC of 0.9219. Ghourabi and Alohaly [1] had previously
demonstrated the superiority of Transformer models in the literature, and this study
supports the same finding. However, high operational costs make these models less
preferable in real-world applications.

5.2 Environmental sustainability and the “Green Al” paradigm

The most striking results in this study come from the environmental sustainability
dimension. This dimension should not be confused with computational speed. For
stakeholders managing large data centers and cloud infrastructures, and for organiza-
tions with strict ESG targets, the real determinants are energy consumption (Wh) and
carbon footprint (kg COz).

Looking at the numbers, the picture is quite clear. DistilBERT produces 0.001949
kg CO: in training; this is 974 times more than Naive Bayes. In inference, it is
0.000291 kg, or 73 times more. In total, DistilBERT produces 0.002240 kg while
Naive Bayes produces only 0.000006 kg. The difference is 373 times. Alzoubi and
Mishra [7] say that the environmental costs in Al projects are mostly accumulating
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unnoticed. Increasing carbon emissions hundreds of times for only a 3.53% increase
from 0.9250 to 0.9603 in MCC is not sustainable for continuously operating systems.
Naive Bayes and XGBoost stand out as “Green AI” standards for stakeholders who
care about ecological impact [6].

5.3 Operational efficiency and edge/mobile applicability

Unlike environmental emissions, operational efficiency focuses on instantaneous
system resource consumption. Specifically, p95 inference latency, RAM usage, and
model size (MB) are evaluated within this scope. These metrics are critical for a
different stakeholder group: mobile end-users, IoT developers, and edge computing
architects operating under severe hardware constraints.

Model size and latency create critical bottlenecks in deployment to low-configu-
ration mobile devices [27]. DistilBERT, with its size of 255.5 MB and p95 latency
of 86.26 ms, is completely unsuitable for such environments. XGBoost, on the other
hand, offers an extremely small size of only 0.13 MB. Logistic Regression stands out
for real-time SMS filtering with a p95 latency of 0.31 ms. The independent mobile
filtering approach proposed by Nuruzzaman et al. [27] achieved the highest techni-
cal feasibility in this study through classical machine learning and ensemble models.

5.4 Statistical stability and generalization ability

The models’ resistance to real-world data variations has been measured by the gener-
alization gap. It has been determined that the Random Forest model is the most stable
model with a generalization gap of 0.0048. This finding suggests that ensemble learn-
ing approaches may yield more robust results across different SMS languages and
user habits [44]. Deep learning models (DistilBERT, GRU, LSTM, CNN), despite
requiring high RAM usage, have not demonstrated a significant advantage over clas-
sical models in terms of generalization.

5.5 Synthesis and practitioner recommendations

In conclusion, the design of SMS spam detection systems should avoid the notion of
a “one-size-fits-all best model.” The following threefold strategy is recommended to
practitioners:

e Maximum Accuracy Priority: DistilBERT should be preferred for server-side
systems without energy and resource constraints.

e Mobile/Edge Deployment Priority: In applications with high RAM and latency
sensitivity, Logistic Regression (MCC: 0.9219), Naive Bayes (MCC: 0.9250),
or XGBoost (MCC: 0.9121) is the most rational solution.

e Sustainability Priority: For institutions and organizations aiming to minimize
their environmental carbon footprint (Green Al), Logistic Regression or Naive
Bayes is the suitable choice.
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This evaluation proposal will enable practitioners to make informed decisions by
complementing the missing efficiency and sustainability dimensions in the literature,
which has focused solely on accuracy-oriented research [17, 22].

6 Conclusion and recommendations

This study has holistically evaluated the dimensions of performance, efficiency, and
sustainability across 10 different models in SMS spam detection. While DistilBERT
exhibited the highest performance with 99.13% accuracy, Logistic Regression was
the optimal choice for environmental sustainability with 88 times lower inference
carbon emissions per million predictions than DistilBERT. The findings emphasize
the importance of choosing a “domain-specific model” instead of the “best model”
(Sect. 5.5).

6.1 Limitations

This study has some limitations, which offer specific avenues for future robustness
testing:

e Only a single dataset (SMS Spam Collection) and English texts were analyzed.
To better test the linguistic robustness of the models, evaluation on multilingual
datasets and different messaging platforms (such as WhatsApp, Telegram) is nec-
essary.

e In addition, robustness testing against adversarial spam attacks designed to evade
detection (such as intentional character manipulations, “Charswap” techniques)
was not performed in this study.

o (CodeCarbon measurements reflect the hardware configuration used in this study.
Absolute energy values may vary in different computational infrastructures, but
the relative efficiency differences between the models will remain consistent.

The main aim of this study is not to solve the SMS spam problem, but to propose a
multidimensional evaluation framework in the categories of performance, efficiency,
and sustainability. Therefore, these limitations have been applied consciously.

6.2 Suggestions for future studies

SMS and email spam detection is undergoing dynamic change due to the constantly
evolving techniques of spammers and the increasing computational costs of artifi-
cial intelligence models. Based on the results obtained from this study and current
trends in the literature, four main areas of development have been identified for future
research.
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6.2.1 Model architecture and hyperparameter optimization

DistilBERT gave the best MCC value in this study. But relying solely on manual
hyperparameter tuning is not enough for Green Al. As accuracy increases in deep
learning, computational load and energy consumption also increase. This is a serious
problem in intensive systems such as SMS spam filtering.

Future studies should focus on meta-heuristic methods that can improve model
performance and computational efficiency simultaneously. Recent research on nature-
inspired algorithms [35-38] has shown that they can significantly reduce the training
load. Adding such lightweight methods to the hyperparameter tuning of CNN + GRU
hybrid structures both improves performance and conserves energy [11].

6.2.2 Green Al and model compression techniques

In this study, DistilBERT’s development time, 1720 times longer than Naive Bayes,
is a concrete example of the costs of “Red AI”. To reduce these costs, focus should
be placed on model quantization and pruning techniques [7]. Knowledge Distilla-
tion methods can reduce model size without sacrificing performance, thus enabling
high-accuracy models to run on low-spec mobile devices [2, 7]. In terms of energy
consumption, “Green Algorithms” are of strategic importance. Using a sparse atten-
tion mechanism in Transformers or implementing Low-Rank Adaptations (LoRA)
in training can be considered in this category. Adopting these techniques in future
deployment processes can significantly reduce FLOPs and energy usage while main-
taining prediction accuracy.

6.2.3 Data diversity and multilingual support

This study is based primarily on an English dataset. However, SMS language can
also include regional dialects, abbreviations, and slang expressions [25]. Future stud-
ies should develop multilingual models that include agglutinative languages such as
Turkish. Datasets should be expanded to include image-based spam or voice mes-
sage analyses [1, 11]. The SMS spam axis can be expanded to include internet-based
instant messaging applications. Federated Learning approaches, where data is trained
without being collected on a central server to protect user privacy, are emerging as a
new research topic in the field of cybersecurity [7, 25].

6.2.4 Real-time and adaptive systems

Future research should aim at real-time updating of models (incremental learning)
against constantly changing spam tactics [44]. High-performance models can be run
on limited hardware using edge Al tools such as TensorFlow Lite/ONNX and model
quantization (INT8/FP16) [2, 7].

Defense mechanisms should be developed by performing robustness tests on
adversarial attack scenarios against spammers’ attempts to manipulate models [18].
These approaches will increase the reliability and long-term sustainability of SMS
spam detection systems.
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