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Abstract— Electronic mail remains the dominant vector 

for unsolicited and malicious digital communication. 

Traditional rule-based filters struggle to adapt to the 

continuously evolving tactics employed by spammers, 

motivating data-driven approaches. This paper presents 

a rigorous comparative analysis of five supervised 

machine learning classifiers—Naive Bayes (NB), 

Logistic Regression (LR), Random Forest (RF), Support 

Vector Machine (SVM), and Gradient Boosting (GB)—

for the binary classification of spam and legitimate 

(ham) email messages. Feature extraction is performed 

using Term Frequency–Inverse Document Frequency 

(TF-IDF) vectorisation augmented with a curated set of 

structural metadata features. Experiments are 

conducted on the publicly available SpamAssassin and 

Enron email datasets containing a combined total of 

33,716 messages. The SVM classifier with a Radial Basis 

Function (RBF) kernel achieves the highest F1-score of 

0.9891 with a false-positive rate of 0.47%, whereas Naive 

Bayes exhibits the lowest computational overhead, 

completing training in under 1.2 seconds. Mathematical 

formulations of all algorithms, together with a detailed 

error analysis, are presented to guide practitioners in 

selecting an appropriate model for real-world 

deployment. 
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I. INTRODUCTION 

 

Electronic mail (email) has become an indispensable 

communication channel in academic, corporate, and 

personal domains. According to the Radicati Group’s 

2024 Email Statistics Report, approximately 361 

billion emails are exchanged globally every day, of 

which an estimated 45%–48% are classified as 

unsolicited bulk messages, colloquially referred to as 

spam [1]. Beyond the obvious productivity impact, 

spam emails serve as delivery vectors for phishing 

attacks, ransomware, and social engineering schemes, 

inflicting billions of dollars in annual economic 

damage [2]. 

The challenge of automated spam detection has 

attracted sustained research interest over the past three 

decades. Early deployed systems relied on manually 

curated blocklists and simple keyword matching. 

While these methods are computationally trivial, they 

require constant human maintenance and are trivially 

circumvented by spammers who obfuscate trigger 

words through character substitution or image-based 

content embedding [3]. 

Supervised machine learning offers an adaptive, 

datadriven alternative. By learning discriminative 

patterns from labelled examples, a classifier can 

generalise to previously unseen spam campaigns 

without explicit reprogramming. However, the 

literature lacks a consistent, fair benchmark 

comparing contemporary ensemble methods (such as 

Gradient Boosting) against classical probabilistic and 

geometric models on a unified preprocessing pipeline. 

 

1. Motivation and Scope 

The present study addresses this gap through three 

primary contributions: 

1. A unified preprocessing and feature 

engineering pipeline that combines TF-IDF 

vectorisation with eight hand-crafted structural 

metadata features. 

2. Mathematical derivation of the five selected 

classifiers with their respective complexity and 

hyperparameter analysis. 

3. A comprehensive performance evaluation 

using Accuracy, Precision, Recall, F1-Score, ROC-

AUC, Matthews Correlation Coefficient (MCC), and 

computational runtime as metrics. 

 

2. Organisation of the Paper 

The remainder of this paper is structured as follows. 

Section II surveys related work. Section III describes 

the datasets and preprocessing methodology. Section 

IV presents the mathematical formulations of the 

classifiers. Section V details the experimental setup. 

Section VI discusses results. Sections VII through X 
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provide extended analysis, ablation studies, and 

deployment architectures. 

Section XI addresses limitations and future directions, 

and Section XII concludes the paper. 

 

II. LITERATURE REVIEW 

 

Research in automated spam filtering can be broadly 

partitioned into three eras: rule-based systems, 

shallow machine learning, and deep learning 

approaches. 

Rule-Based Systems. SpamAssassin, one of the 

earliest widely deployed open-source filters, assigns 

penalty scores to emails based on header anomalies, 

DNS blacklist lookups, and pattern matching [4]. 

Such systems achieve acceptable precision on known 

spam patterns but exhibit poor recall against 

obfuscated or image-only spam. 

Probabilistic Methods. The seminal work by Graham 

[5] popularised Bayesian spam filtering, 

demonstrating that individual token probabilities 

could be combined under a naive independence 

assumption to produce a robust posterior spam 

probability. Subsequent refinements by Sahami et al. 

[6] incorporated additional features such as email 

headers and attachment metadata. 

Support Vector Machines. Drucker et al. [7] applied 

SVMs to the spam classification problem and 

demonstrated superior generalisation compared to 

boosted decision trees at equivalent false-positive 

rates. The ability of SVMs to operate in high-

dimensional feature spaces without an explicit 

mapping function made them particularly well-suited 

to TF-IDF representations. 

Ensemble Methods. Cormack and Lynam [8] 

demonstrated that online learning algorithms 

combined in an ensemble outperform individual 

classifiers on the TREC Spam Track benchmarks. 

More recently, XGBoost and LightGBM variants have 

been reported to achieve nearhuman-level accuracy on 

curated corporate datasets [9]. 

Deep Learning Approaches. Convolutional Neural 

Networks (CNN) and Long Short-Term Memory 

(LSTM) networks have been applied to email body 

text, achieving F1 scores exceeding 0.99 on some 

benchmarks [10]. However, their interpretability is 

limited, training data requirements are substantial, and 

inference latency is often prohibitive in high-

throughput mail server environments. 

Identified Research Gap. Most comparative studies 

either restrict their scope to one dataset or evaluate 

classifiers on inconsistent feature representations. 

This work closes both gaps by evaluating five diverse 

classifiers on two merged public datasets using a 

single, reproducible pipeline. 

 

III. DATASET DESCRIPTION AND 

PREPROCESSING 

 

1. Datasets 

Two publicly available benchmark datasets are used in 

this study: 

• SpamAssassin Public Corpus (2002–2006): 

Contains 6,952 messages (4,150 ham, 2,802 spam) 

spanning plain-text and MIME-multipart messages. 

• Enron Email Dataset (Metsis et al., 2006): 

Contains 33,716 messages (16,545 ham, 17,171 spam) 

derived from the Enron Corporation email archive. 

After deduplication, the merged corpus comprises 

33,716 messages with a class distribution of 49.1% 

ham and 50.9% spam—a near-balanced split that 

mitigates class-imbalance bias during evaluation. 

 

2. Preprocessing Pipeline 

Raw email files undergo the following sequential 

transformations: 

Step 1: Header Parsing: MIME headers (From, 

Subject, Content-Type, X-Spam-Status) are extracted 

separately from the message body using Python’s 

email.parser standard library module. 

Step 2: HTML Stripping: BeautifulSoup4 is used to 

remove HTML tags while preserving visible textual 

content. 

Step 3: Tokenisation & Lowercasing: The NLTK word 

tokeniser splits the cleaned body into individual 

tokens, which are then converted to lowercase. 

Step 4: Stopword Removal: English stopwords from 

the NLTK corpus are removed. Domain-specific terms 

such as “unsubscribe,” “click,” and “offer” are 

explicitly retained because they carry discriminative 

power in the spam context. 

Step 5: Stemming: Porter’s stemming algorithm 

reduces inflected forms to their common base (e.g., 

“offering” → “offer”). 

Step 6: TF-IDF Vectorisation: The preprocessed 

tokens are transformed into a 33,716×50,000 TFIDF 

matrix (top-50,000 unigrams and bigrams by 

document frequency), as described mathematically in 

Section IV-A. 

Step 7: Metadata Feature Extraction: Eight numerical 

metadata features are appended to each TFIDF vector 

(see Table 1). 
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Table 1: Metadata Features Appended to TF-IDF 

Representation 

# Feature Type 

1 Number of URLs in body Integer 

2 Number of image attachments Integer 

3 Body character count Integer 

4 Subject line length (chars) Integer 

5 HTML-to-text ratio Float 

6 Exclamation mark count Integer 

7 All-caps word ratio Float 

8 Reply-To differs from From Boolean 

 

3. Data Splitting 

The corpus is divided into training, validation, and test 

subsets using a stratified 70:15:15 split: 

|Dtrain| = 23,601 messages, 

|Dval| = 5,057 messages, |Dtest| = 5,058 messages. 

Stratification ensures that the spam-to-ham ratio is 

preserved across all three partitions. 

IV. Mathematical Formulation of Classifiers 

1. TF-IDF Feature Representation 

Let V = {w1,w2,...,wM} be the vocabulary of size M 

constructed from the training corpus. For a document 

di, the TF-IDF weight of term wj is: 

tfidf(wj,di) = tf(wj,di) × idf(wj), (1) where the term 

frequency is normalised by document 

length, 

tf( , (2) 

and the inverse document frequency with Laplace 

smoothing is: 

idf( , (3) 

where N is the total number of training documents and 

df(wj) is the number of documents containing wj. 

 

2. Multinomial Naive Bayes 

Under the Naive Bayes framework, a document d is 

assigned to the class yˆ that maximises the posterior 

probability: 

M 

 
j=1 

where c = 1 denotes spam and c = 0 denotes ham. 

Conditional probabilities are estimated with Laplace 

(addone) smoothing to handle unseen tokens: 

, (5) 

where njc is the frequency of term wj in class c, nc the 

total token count in class c, and α = 1 the smoothing 

parameter. The class prior is: 

, (6) 

where Nc is the number of training documents 

belonging to class c. 

3. Logistic Regression 

Logistic Regression models the posterior probability 

of the spam class as: 

 
where x ∈ RM+8 is the concatenated TF-IDF and 

metadata feature vector, w ∈ RM+8 is the weight vector, 

and b is the bias term. Parameters are estimated by 

minimising the ℓ2-regularised cross-entropy loss: 

, 

(8) 

where pˆi = P(y = 1 | xi) and λ = 10−4 is the 

regularisation strength selected via cross-validation 

on Dval. 

4. Support Vector Machine 

SVM seeks the maximum-margin hyperplane 

separating the two classes. Given training pairs

  with yi ∈ {−1,+1}, the primal 

optimisation problem is: 

N 

(9) 

subject to yi(w⊤ϕ(xi) + b) ≥ 1 − ξi, ξi ≥ 0, 

where ϕ(·) is an implicit feature map induced by the 

RBF kernel: 

, (10) 

with γ = (M+8)−1 (the scale heuristic) and C = 1.0. The 

dual problem yields the decision function: 

 
where S is the support vector index set and αi ≥ 0 are 

dual variables. 

5. Random Forest 

Random Forest (RF) is an ensemble of T decision trees 

trained on independently bootstrapped subsets of the 

training data. Each tree ht is built on a bootstrap 

sample Bt drawn with replacement, and at each 

internal node the√ 

 
best split is selected from a random subset of M + 8 

features. The final prediction is obtained by majority 

vote: 



© April 2026 | IJIRT | Volume 12 Issue 11 | ISSN: 2349-6002 

IJIRT 198217            INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY   10186 

. (12) 

Feature importance is estimated using the Mean 

Decrease in Impurity (MDI): 

Imp  

where p(s) is the fraction of training samples reaching 

node s and ∆G(s) is the Gini impurity decrease at that 

split: 

. (14) 

6. Gradient Boosting 

Gradient Boosting (GB) constructs an additive model 

  by iteratively fitting 

regres- 

sion trees hk to the pseudo-residuals (negative 

gradients) of the loss function. For binary 

classification with the logistic loss: 

,(15) 

the pseudo-residual of sample i at iteration k is: 

, (16) 

and the update step is: 

 Fk(x) = Fk−1(x) + η · hk(x), (17) 

where η = 0.1 is the learning rate and K = 200 trees are 

grown to depth d = 5. 

 

V. EXPERIMENTAL SETUP 

 

1. Hardware and Software Environment 

All experiments were executed on a workstation 

equipped with an Intel Core i7-12700H CPU (14 

cores, 2.3 GHz base), 32 GB DDR5 RAM, and an 

NVIDIA RTX 3060 GPU (12 GB GDDR6). Software 

versions: Python 3.11.4, scikit-learn 1.4.2, NLTK 

3.8.1, pandas 

2. 1.0, and NumPy 1.25.2. 

2. Hyperparameter Optimisation 

Hyperparameters for each classifier are tuned using 

5fold stratified cross-validation on Dtrain with the F1-

score as the objective metric. Grid search ranges are 

listed in Table 2. 

Table 2: Hyperparameter Search Space 

Classifier Parameter Search Range 

 

 
solver lbfgs, saga 

SVM C {0.1,1,10,100} 

 kernel linear, rbf 

 

 
max depth {10,20,None} 

GB K {100,200,300} 

 η {0.05,0.1,0.2} 

 depth d {3,5,7} 

 

3. Evaluation Metrics 

Let TP, TN, FP, and FN denote true positives, true 

negatives, false positives, and false negatives, 

respectively. The following metrics are computed on 

Dtest: 

 

 

 

 

 

 
The False Positive Rate (FPR) is especially critical in 

spam detection, as misclassifying a legitimate email 

as spam (Type I error) can result in missed business 

communications: 
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VI. RESULTS AND ANALYSIS 

 

1. Overall Classification Performance 

Table 3 presents the test-set performance of all five 

classifiers along with training runtime. 

 

Table 3: Test-Set Performance Comparison (Dtest, n 

=5,058) 

Model Acc. Prec. Rec. F1 MCC FPR(%) Time(s) 

NB 0.9712 0.9745 0.9681 0.9713 0.9424 1.12 1.17 

LR 0.9834 0.9856 0.9812 0.9834 0.9668 0.74 18.4 

RF 0.9867 0.9880 0.9854 0.9867 0.9734 0.62 143.2 

SVM 0.9891 0.9904 0.9878 0.9891 0.9782 0.47 278.6 

GB 0.9882 0.9897 0.9867 0.9882 0.9764 0.51 391.5 

2. Confusion Matrices 

Table 4 shows the confusion matrices for the two 

bestperforming classifiers on the test set. 

 

Table 4: Confusion Matrices for SVM (left) and GB 

(right) 

 
3. ROC Curve Analysis 

The Receiver Operating Characteristic (ROC) curve 

plots the True Positive Rate against FPR across 

decision thresholds. Area Under the Curve (AUC) 

values are: NB = 0.9901, LR = 0.9952, RF = 0.9968, 

SVM = 0.9979, GB = 0.9975. The SVM’s AUC 

indicates near-optimal discrimination between the two 

classes at all operating thresholds. 

4. Feature Importance Analysis 

Using MDI from the RF model, the top-10 

discriminative features (Table 5) show that structural 

metadata features such as URL count and the Reply-

To/From mismatch carry unexpectedly high 

discriminative weight, contributing approximately 

21% of total importance despite representing only 8 

out of 50,008 total features. 

Table 5: Top-10 Features by Mean Decrease in 

Impurity (RF) 

Rank Feature MDI Score 

1 url_count (metadata) 0.0841 

2 click 0.0623 

3 reply_to_mismatch 

(meta.) 

0.0598 

4 free 0.0581 

5 unsubscribe 0.0549 

6 exclamation_count 

(meta.) 

0.0512 

7 offer 0.0487 

8 guarantee 0.0461 

9 caps_ratio (metadata) 0.0433 

10 winner 0.0409 

5. Seasonal and Temporal Drift Analysis 

To assess classifier robustness to concept drift, the 

SVM and GB models were evaluated on temporally 

partitioned subsets of the Enron corpus (2000–2001 

vs. 2003–2004). The SVM exhibited a performance 

degradation of only ∆F1 = −0.021 across the two 

periods, confirming that the RBF kernel and high-

dimensional feature representation provide adequate 

resilience to gradual spam lexicon evolution. 

6. Interpretation of Results 

Several key observations emerge from the 

experimental results: 

1. SVM superiority: The SVM with RBF kernel 

achieves the best F1 and lowest FPR, attributable to its 

maximum-margin optimisation criterion which 

explicitly penalises misclassification in a 

highdimensional TF-IDF space. 

2. Trade-off between accuracy and speed: NB 

trains in 1.17 seconds—238× faster than SVM—

making it the preferred choice in resource-constrained 

real-time deployments where marginal accuracy loss 

is acceptable. 

3. Metadata features add measurable value: 

Removing the 8 metadata features from the SVM 

feature vector reduces F1 from 0.9891 to 0.9847 (∆ = 

−0.0044), confirming their complementary 

discriminative contribution. 

4. Gradient Boosting vs. SVM: GB achieves 

comparable accuracy but requires 40% more training 

time and exhibits a marginally higher FPR (0.51% vs. 

0.47%). This trade-off may favour GB in scenarios 

requiring feature interaction modelling and 

interpretable feature importances. 

 

VII. EXPLORATORY DATA ANALYSIS 

 

To thoroughly understand the latent characteristics 

governing the dataset and justifying the inclusion of 

specific metadata traits, an Exploratory Data Analysis 

(EDA) was performed prior to model training. EDA 

provides crucial insights into structural inequalities 

between ham and spam. 

1. Word Length and Document Distributions 

Analysis of document lengths (measured in total 

character count) reveals a statistically significant 

divergence. Ham emails exhibited a mean length of 

  
Pred. Ham Pred. Spam Pred. Ham Pred. Spam 
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1,452 characters (σ = 2,105), heavily skewed by 

verbose corporate threads. Conversely, spam emails 

averaged 890 characters (σ = 1,120), characterising a 

trend where spammers favour short, action-oriented 

payloads designed to immediately redirect targets via 

hyperlinks. 

2. Vocabulary Overlap 

A comparative analysis of the most frequently 

occurring unigrams across both classes demonstrated 

a surprisingly high intersection. Neutral words such as 

"time", "people", and "information" appeared in the 

top 20 tokens for both categories. However, the 

divergence became apparent at the tail end of the 

frequency distribution. Spam messages were highly 

saturated with imperative verbs and financial 

terminology—e.g., "urgent", "investment", "click", 

"guaranteed". This distinct bifurcation in the long-tail 

vocabulary empirically validates the use of TFIDF, 

which implicitly penalises the high-frequency 

intersection while overweighting class-specific 

terminology. 

 

VIII. EXTENDED ABLATION STUDY 

 

While overall metrics provide a holistic view of model 

performance, an ablation study isolating the impact of 

disparate feature sets is critical for validating the 

proposed methodology. We isolate the predictive 

power of the text representations against the metadata 

engineered features. 

Table 6 illustrates the performance of the SVM 

classifier when trained on three distinct permutations 

of the input space: Text Only (pure TF-IDF), Metadata 

Only (the 8 hand-crafted features), and the Combined 

approach. 

 

Table 6: Ablation Study: Feature Contribution (SVM 

Model) 

Feature Set Acc. F1 FPR(%) Dim. 

Text Only (TF-

IDF) 

0.9841 0.9847 0.61 50,000 

Metadata Only 0.8214 0.8012 12.4 8 

Combined 0.9891 0.9891 0.47 50,008 

 

The isolated Metadata model, despite comprising 

merely 8 dimensions, achieved an accuracy exceeding 

82%. This is a non-trivial result, indicating that 

structural anomalies alone (such as URL density and 

irregular capitalisation) are powerful discriminators. 

More importantly, when fused with the TF-IDF 

representation, the combined space reduces the False 

Positive Rate by 23% compared to the text-only 

baseline. 

 

IX. COMPUTATIONAL COMPLEXITY 

ANALYSIS 

In the context of high-throughput mail servers 

processing millions of daily transactions, asymptotic 

computational complexity is as vital as pure accuracy. 

Table 7 defines the theoretical Big-O complexities for 

training and inference phases across the evaluated 

classifiers. 

Let N denote the number of training samples, M the 

number of features (dimensions), T the number of 

trees in ensemble methods, d the maximum tree depth, 

and S the number of support vectors where S ≪ N. 

 

Table 7: Asymptotic Computational Complexity 

Model Training Time Inference 

Time (per 

sample) 

NB LR 

RF 

SVM 

GB  

 

While the SVM generates the strongest decision 

boundary, its O(N2 · M) training complexity renders it 

difficult to retrain continuously in an online learning 

setting. Conversely, Naive Bayes and Logistic 

Regression exhibit linear scaling with respect to 

dataset size, making them highly suitable for 

distributed architectures where model weights must be 

updated daily with incoming batch streams. 

 

X. ADVERSARIAL ROBUSTNESS AND 

EVASION TACTICS 

 

Machine learning-based spam filters operate in a 

highly adversarial environment. Spammers 

continuously iterate on evasion tactics designed to 

exploit the specific vulnerabilities of natural language 

classifiers. Two dominant adversarial techniques are 

Good Word Insertion (GWI) and Token Obfuscation. 

Good Word Insertion (GWI): Spammers append large 

blocks of innocuous text (often scraped from 

Wikipedia or news sites) to the end of a spam email. 

This artificially inflates the document length and 

injects highprobability ham tokens, diluting the TF-

IDF weights of malicious keywords. Our ensemble 

models, particularly Random Forest, proved robust to 

GWI attacks up to a 30% token injection rate, owing 

to the non-linear decision boundaries that do not 
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strictly average term probabilities (unlike Naive 

Bayes). 

Token Obfuscation: The substitution of characters 

(e.g., replacing ’i’ with ’1’, or ’a’ with ’@’) creates 

out-of-vocabulary (OOV) tokens that bypass standard 

TF-IDF mappings. By incorporating structural 

metadata—specifically the "All-caps word ratio" and 

"Exclamation mark count"—our proposed pipeline 

captures the statistical anomaly of the obfuscation 

itself, even when the underlying semantic token is 

lost. 

 

XI. SYSTEM ARCHITECTURE FOR 

DEPLOYMENT 

 

To bridge the gap between academic evaluation and 

industrial application, we propose a modular 

architecture for deploying the best-performing SVM 

and RF models within a standard Mail Transfer Agent 

(MTA) ecosystem. 

The architecture comprises three asynchronous 

microservices: 

1. Ingestion Engine: Hooks into the MTA (e.g., 

Postfix) via the Milter protocol. It isolates the 

email stream, parses MIME headers, and pushes 

raw text payloads to a distributed message queue 

(e.g., RabbitMQ). 

2. Feature Extraction Pipeline: A stateless 

containerised service that performs the NLTK 

tokenisation, applies the pre-fitted TF-IDF 

transformation matrix, and extracts the 8 

metadata integers. 

3. Inference Engine: Hosts the serialised model 

weights using a high-performance runtime (such 

as ONNX). It returns a binary classification and 

an associated confidence score. Emails scoring 

between 0.45 and 0.55 are flagged for secondary 

human review or quarantine, enforcing a fail-safe 

mechanism against false positives. 

 

XII. DISCUSSION 

 

1. Advantages of the Proposed System 

1. Unified Pipeline: The combined TF-IDF and 

metadata feature vector provides complementary 

signal from both semantic content and structural 

email attributes. 

2. Mathematical Rigour: Explicit derivation of all 

classifiers enables practitioners to understand the 

inductive bias of each model and select 

accordingly. 

3. Reproducibility: All datasets are publicly 

available, and hyperparameter search spaces are 

fully documented. 

 

2. Limitations 

1. The MQ-135 analogue of this work—the TF-IDF 

bag-of-words representation—discards positional 

and syntactic information. Neural language 

model embeddings (e.g., BERT) may capture 

deeper semantic patterns. 

2. The corpus does not include multilingual spam or 

non-ASCII obfuscation techniques, which 

represent an active evasion vector. 

3. Evaluation is limited to binary (spam/ham) 

classification; fine-grained categorisation 

(phishing, bulk marketing, malware distribution) 

is not addressed. 

 

3. Future Work 

1. Transformer Integration: Fine-tuning a pre-

trained BERT model on the email corpus using 

the metadata features as additional token-type 

embeddings. 

2. Online Learning: Investigating Passive-

Aggressive or Vowpal Wabbit frameworks for 

incremental model updates as new spam 

campaigns emerge. 

3. Adversarial Robustness: Evaluating classifier 

performance against adversarial spam examples 

generated by synonym substitution and 

paraphrase attacks. 

4. Federated Learning: Training spam classifiers on 

decentralised enterprise email servers without 

centralising sensitive message content. 

5. Explainability: Applying SHAP (SHapley 

Additive exPlanations) values to produce per-

email explanations for spam verdicts to support 

regulatory compliance. 

 

XIII. CONCLUSION 

 

This study presented a systematic comparative 

analysis of five supervised machine learning 

classifiers for spam email detection using a unified 

preprocessing pipeline combining TF-IDF 

vectorisation with eight metadata features on a merged 

corpus of 33,716 messages. Mathematical 

formulations of Naive Bayes, Logistic Regression, 

SVM, Random Forest, and Gradient Boosting were 

derived, and comprehensive evaluation metrics 

including Accuracy, F1-Score, MCC, ROC-AUC, 

FPR, and training runtime were reported. 
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The SVM classifier with an RBF kernel delivered the 

highest overall performance (F1 = 0.9891, FPR = 

0.47%), while Naive Bayes offered the fastest 

inference (1.17 s training time) with competitive 

accuracy, making it suitable for high-throughput 

deployments. The metadata features contributed a 

measurable improvement of ∆F1 = +0.0044 over text-

only representations, highlighting the value of 

structural email attributes. Furthermore, extended 

computational complexity and ablation analyses 

demonstrated the scalability and structural robustness 

of the chosen ensemble. 

This work provides a reproducible, mathematically 

grounded benchmark that practitioners can directly 

employ when selecting and configuring a spam filter 

for real-world mail server deployment. 
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