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Abstract: Recent Internet of Things (IoT) intrusion detection studies have reported near-perfect
benchmark performance for Distributed Denial of Service (DDoS) detection, yet limited attention has
been given to understanding how different traffic representations contribute to the detection process
under highly imbalanced traffic conditions. This study presents an ablation-driven analysis to investi-
gate the contribution of statistical and temporal representations for large-scale IoT DDoS detection
using the CICIoT2023 dataset. Three experimental scenarios are evaluated, including statistical repre-
sentation, temporal sequence representation, and hybrid statistical-temporal representation. Temporal
representations are learned using a one-dimensional Convolutional Neural Network (1D-CNN) with
lag-based traffic sequences, while ensemble tree-based classifiers are employed for final classification
and representation analysis. In addition, multiple ablation configurations are designed to evaluate the
impact of temporal dependency modeling and feature engineering strategies on detection performance.
Experimental results show that statistical traffic representations remain highly effective for DDoS de-
tection on CICIoT2023, achieving 99.36% accuracy and 99.31% weighted F1-score in the statistical
representation scenario. Feature importance analysis further indicates that engineered statistical fea-
tures contribute substantially more to the classification process than CNN-based temporal representa-
tions. Although temporal modeling captures sequential traffic behavior, its contribution is relatively
limited and mainly acts as a complementary representation. Furthermore, the hybrid configuration
produces only marginal improvements over the statistical representation alone. These findings high-
light the importance of representation-level analysis for understanding the actual contribution of sta-
tistical and temporal modeling in modern IoT intrusion detection systems beyond relying solely on

benchmark accuracy.

Keywords: Cybersecurity; Deep Learning for Cybersecurity; DDoS Detection; Explainable Machine
Learning; Intrusion Detection System; IoT Security; Network Traffic Analysis; Representation
Analysis.

1. Introduction

The rapid growth of the Internet of Things (IoT) has accelerated the integration of bil-
lions of smart devices across various sectors, including industry, healthcare, transportation,
and smart city infrastructures. The heterogeneous, resource-constrained, distributed, and
continuously connected nature of IoT environments has also increased their exposure to
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cybersecurity threats, particularly Distributed Denial of Service (DDoS) attacks. In recent
years, loT-based DDoS attacks have grown significantly due to the limited computational
resources, weak security configurations, and massive scale of IoT devices, which make them
vulnerable to exploitation as distributed botnets [1]—[3]. The impact of such attacks extends
beyond network service disruption and may also lead to reduced system reliability, financial
losses, and disruptions to critical infrastructure [4].

Along with the increasing complexity of attacks and the growing volume of IoT network
traffic, research on machine learning- and deep learning-based Intrusion Detection Systems
(IDS) has developed rapidly. Early approaches commonly employed classical machine learn-
ing algorithms such as Support Vector Machine (SVM), Random Forest, Decision Tree, and
XGBoost, which rely on statistical network traffic features to distinguish between benign and
malicious traffic [5]—[8]. These approaches are known for their computational efficiency and
strong classification performance across various modern IDS benchmark datasets. Subse-
quently, the advancement of deep learning encouraged the adoption of architectures such as
Convolutional Neural Network (CNN), Long Short-Term Memory (LSTM), Gated Recur-
rent Unit (GRU), and Transformer models to capture more complex traffic patterns, partic-
ularly temporal dependencies and non-linear feature relationships [9]—[12].

Despite the continuous improvement of detection methods, many modern IDS studies
still place greater emphasis on overall classification performance evaluation than on feature
representation contribution analysis or model interpretability [4], [13], [14]. Many studies pro-
pose increasingly complex deep learning and hybrid architectures, while relatively limited at-
tention has been given to systematically analyzing how different feature representations actu-
ally contribute to the attack detection process. However, understanding feature representation
is important because model performance is influenced not only by architectural complexity,
but also by the ability of data representations to capture attack characteristics effectively.

In the context of DDoS detection, statistical representations generally describe network
traffic characteristics within a particular traffic snapshot, such as packet counts, TCP flag
distributions, protocol ratios, and traffic density. These representations are widely used in
classical machine learning approaches because they can directly capture traffic anomalies in
an efficient manner [15]. In contrast, temporal representations attempt to model traffic dy-
namics over time through sequential patterns and historical dependencies among network
packets. Temporal modeling has become increasingly popular in deep learning approaches
because it is assumed to capture attack patterns that may not be observable from isolated
statistical snapshots [16], [17].

Nevertheless, the contribution of statistical and temporal representations is still often
overlooked in modern IDS research. Many recent studies report improved detection perfor-
mance using temporal deep learning or hybrid architectures, although the contribution of
each representation type is not always analyzed explicitly [1], [13], [17]. As a result, it remains
unclear whether performance improvements are genuinely driven by temporal modeling ca-
pabilities or are still primatily dominated by statistical traffic characteristics. Furthermore,
evaluations under highly imbalanced traffic conditions often emphasize overall weighted per-
formance, while comparatively less attention is devoted to analyzing model behavior across
minority attack classes [10], [18], [19].

Motivated by these limitations, this study focuses on analyzing the contribution of sta-
tistical and temporal representations for large-scale IoT DDoS detection. The study employs
a hybrid statistical-temporal learning pipeline combining CNN-based temporal representa-
tion learning and XGBoost-based classification. CNN is utilized to learn latent temporal rep-
resentations from sequential traffic patterns, while XGBoost is employed due to its strong
performance and robustness in handling high-dimensional, non-linear, and highly imbalanced
data. The combination of both approaches is not primarily intended to propose a novel hybrid
architecture, but rather to evaluate how temporal representations contribute when combined
with engineered statistical traffic features.

To systematically analyze the contribution of each representation, this study adopts an
ablation-driven analysis through three primary experimental scenarios: statistical representa-
tion, temporal representation, and hybrid statistical-temporal representation. In addition, the
study evaluates both weighted and macro-level performance under highly imbalanced condi-
tions to provide additional insight into model behavior across different attack categories, as
well as feature importance analysis to investigate the dominance of different feature
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representations during the classification process. The main contributions of this study can be

summarized as follows:

e  Conducting a systematic analysis of statistical, temporal, and hybrid representations for
large-scale IoT DDoS detection through an ablation-driven evaluation framework.

e  Evaluating weighted and macro-level performance under highly imbalanced traffic con-
ditions to provide additional insight into model behavior across different attack catego-
ries.

e  Providing feature importance analysis to investigate the relative contribution of statistical
and temporal representations in IoT DDoS detection.

The remainder of this paper is organized as follows. Section 2 reviews previous studies
related to IoT DDoS detection, statistical and temporal representations in IDS, and the re-
search gap addressed in this work. Section 3 describes the proposed analytical framework,
dataset preprocessing, feature construction process, experimental scenatios, and ablation de-
sign. Section 4 presents the experimental results and representation analysis across different
scenarios. Finally, Section 5 concludes the paper and discusses potential directions for future
research.

2. Literature Review

2.1. IoT DDoS Detection Approaches

Research on DDoS attack detection has developed rapidly over the past decades along-
side the increasing complexity of modern networks and the growth of IoT ecosystems. Early
studies by Mirkovic and Reiher [20] as well as Hussain et al. [21] investigated the characteris-
tics and classification of DDoS attacks by categorizing them based on attack sources, vectors,
and system impact. Subsequently, Zargar et al. [22] demonstrated that traditional rule-based
and signature-matching approaches have become increasingly limited in handling the scale
and dynamics of modern network traffic. These limitations encouraged the transition toward
machine learning- and deep learning-based approaches to improve attack detection capabili-
ties in increasingly complex network environments.

During the early development of modern Intrusion Detection Systems (IDS), various
classical machine learning approaches such as SVM, Decision Tree, Random Forest, and
XGBoost were widely adopted due to their ability to handle high-dimensional data with rela-
tively low computational complexity [23], [24]. These approaches generally rely on statistical
network traffic features such as packet rate, flow duration, protocol distribution, packet size,
and other flow-based statistics to distinguish between benign and malicious traffic. Such char-
acteristics make statistical feature-based machine learning approaches particularly effective
for detecting flood-based attacks that generate significant traffic changes.

In the context of IoT security, Ntayagabiri et al. evaluated multiple machine learning
algorithms using the CICloT2023 dataset and reported that ensemble and tree-based ap-
proaches such as Random Forest and XGBoost still achieve highly competitive performance
[25]. Their study also highlighted that the major challenges in modern IDS research are not
limited to classification accuracy, but also include class imbalance and the relevance of feature
representations used during classification.

Among various machine learning algorithms, XGBoost has consistently emerged as one
of the most competitive methods in IDS-related studies. Chen and Guestrin introduced
XGBoost as a scalable and efficient gradient boosting algorithm for large-scale data pro-
cessing [26]. In addition to strong classification performance, XGBoost provides effective
regularization mechanisms, computational optimization, and feature importance analysis,
making it widely adopted in highly imbalanced and multiclass 1oT classification scenarios [24].

With the advancement of deep learning, research attention gradually shifted toward au-
tomatic representation learning. Various architectures such as CNN, LSTM, GRU, and Trans-
former models have been applied to capture non-linear patterns and temporal dependencies
in network traffic. Deep learning approaches are generally considered capable of learning
more complex traffic behaviors than conventional statistical approaches, particularly for dy-
namic and sequential network traffic data. Several hybrid CNN-LSTM studies reported that
temporal modeling can help improve classification performance and reduce false positive
rates in IoT DDoS detection [17], [27], [28]. In addition, Abbas et al. [29] showed that deep
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learning approaches such as DNN, CNN;, and RNN can also achieve near-99% accuracy for
multiclass IoT attack classification. Another Hybrid Stacking approach combining Logistic
Regression, Gaussian Naive Bayes, and Random Forest reported 99.00% accuracy on the
CICIoT2023 dataset [23].

The consistently high classification performance reported in previous studies indicates
that modern IDS systems are capable of achieving very high benchmark performance on
several public datasets. However, these findings also suggest that performance improvements
have started to become increasingly marginal, particularly when machine learning, deep learn-
ing, and hybrid approaches all achieve near-perfect accuracy under similar benchmark set-
tings. Consequently, recent research attention should not only focus on improving bench-
mark accuracy, but also on understanding how models construct classification decisions and
which feature representations contribute most significantly to attack detection.

2.2. Statistical and Temporal Feature Representations in IDS

Feature representation plays an important role in determining the capability of an Intru-
sion Detection System (IDS) to distinguish between benign and malicious network traffic. In
this study, statistical and temporal representations refer to two different approaches for mod-
eling network traffic characteristics during the classification process [6], [30]. Statistical rep-
resentations describe traffic behavior using engineered traffic statistics extracted from a pat-
ticular traffic snapshot or interval, whereas temporal representations model traffic evolution
over time through sequential patterns and temporal dependencies among network flows.

Statistical representations are commonly constructed using network traffic statistics such
as packet rate, flow duration, protocol ratio, TCP flag distribution, packet density, and other
flow-based features [15]. These representations characterize network conditions within a spe-
cific interval without explicitly modeling temporal order between traffic instances. In modern
IDS research, classical machine learning approaches frequently rely on statistical representa-
tions because they can directly capture anomalous tratfic behavior with relatively low compu-
tational complexity. In DDoS scenarios, statistical anomalies such as packet surges, abnormal
protocol dominance, and irregular flag distributions are often sufficiently informative for dis-
tinguishing benign traffic from attack traffic.

In contrast, temporal representations focus on the dynamic evolution of network traffic
over time. These representations model sequential traffic relationships, gradual traffic pattern
changes, and temporal dependencies that may not be adequately captured through isolated
statistical snapshots. Temporal approaches are widely adopted in deep learning because they
are capable of learning non-linear traffic behavior and dynamically evolving attack patterns
[17], [31]. An illustration of the differences between statistical and temporal representations
is presented in Figure 1.
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Several deep learning approaches, such as LSTM and GRU, are based on Recurrent
Neural Network (RNN) architectures designed to learn short- and long-term temporal de-
pendencies in sequential data. Beyond recurrent-based architectures, temporal modeling has
also been increasingly explored using one-dimensional Convolutional Neural Networks (1D-
CNN). Unlike two-dimensional CNNs in computer vision, which learn spatial locality in im-
ages, 1D-CNNs in IDS applications perform convolution operations over traffic sequences
to capture local traffic patterns and temporal variations across consecutive intervals. This
characteristic enables 1D-CNNs to learn latent traffic representations with lower training
complexity than recurrent architectures, particularly for large-scale traffic data [32].

In modern IDS systems, statistical and temporal representations are generally considered
complementary [33]. Statistical representations are effective for directly capturing traffic
anomalies, while temporal representations are useful for modeling the sequential evolution of
network behavior. Consequently, many recent studies have explored hybrid approaches that
combine both representation types within a unified classification framework. Most recent
hybrid IDS studies primarily report overall detection performance, while representation-level
contribution analysis and feature dominance investigations remain relatively limited. Alt-
hough many deep learning and hybrid models report very high weighted performance, this
does not necessarily indicate that all feature representations contribute equally to the classifi-
cation process. Furthermore, analyses related to feature dominance and representation-level
importance remain relatively limited in modern IDS research. Understanding the contribution
of different representations is important not only for identifying which features dominate
attack detection, but also for evaluating the practical effectiveness of hybrid approaches in
IoT-based IDS systems.

2.3. Research Gap and Motivation

Although machine learning, deep learning, and hybrid IDS approaches have achieved
very high benchmark performance for IoT DDoS detection, most existing studies still pri-
marily emphasize evaluation metrics such as accuracy and weighted F1-score. Consequently,
relatively limited attention has been given to understanding how different feature representa-
tions contribute to the classification process, particulatly in large-scale IoT environments
characterized by highly imbalanced traffic distributions. In many studies, hybrid architectures
combining statistical and temporal modeling are implicitly assumed to improve detection ca-
pability, yet the actual contribution of each representation type often remains insufficiently
analyzed. As a result, it is still unclear whether the performance gains reported by hybrid and
deep learning approaches genuinely originate from temporal representation learning or are
still largely dominated by statistical traffic characteristics. Moreover, very high weighted per-
formance does not necessarily indicate robust detection capability across all attack categories,
especially for minority classes with substantially fewer samples than dominant traffic classes.

In addition to the limited analysis of representation contribution, studies examining fea-
ture dominance and feature importance in modern IDS systems also remain relatively scarce.
Understanding the relative contribution of statistical and temporal representations is im-
portant not only for interpreting model behavior, but also for evaluating the practical effec-
tiveness of hybrid approaches in IoT-based intrusion detection. Motivated by these limita-
tions, this study investigates the contribution of statistical, temporal, and hybrid representa-
tions for large-scale IoT DDoS detection through an ablation-driven evaluation framework.
The study evaluates multiple representation scenarios under highly imbalanced tratfic condi-
tions and further analyzes the relationship between weighted performance and macro-level
robustness. In addition, feature importance analysis is conducted to examine the relative dom-
inance of different feature representations and to provide a more detailed understanding of
how representation learning contributes to the attack detection process in modern IoT IDS
systems.

3. Proposed Framework and Experimental Design

3.1. Overall Framework of the Proposed Method

This study employs an ablation-driven analytical framework to investigate the contribu-
tion of statistical and temporal representations for large-scale IoT DDoS detection. Unlike
many previous studies that primarily focus on improving final benchmark performance, this
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work emphasizes representation-oriented analysis through a comparative evaluation of statis-
tical representations, temporal sequence representations, and hybrid statistical-temporal rep-
resentations. The overall framework consists of three main stages: (1) feature representation
construction, (2) temporal representation learning and classification, and (3) scenario-based
evaluation and ablation analysis. The complete analytical framework is illustrated in Figure 2.
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Figure 2. Overall framework of the proposed two-stage hybrid statistical-temporal representation learning and classification frame-
work for IoT DDoS detection.

The first stage focuses on preprocessing and feature construction to generate statistical
and temporal traffic representations. Statistical representations are derived from engineered
traffic statistics, while temporal representations are constructed using lag-based sequential
traffic features to preserve temporal dependencies across traffic intervals. Feature engineering
is performed before data sampling and shuffling to maintain temporal consistency during
sequence construction.

The second stage employs a two-stage statistical-temporal learning pipeline. A one-di-
mensional Convolutional Neural Network (1D-CNN) is first used to learn latent temporal
representations from lag-based traffic sequences. The learned latent features are subsequently
combined with engineered statistical features and used for ensemble tree-based classification
using XGBoost. Within this framework, CNN is primarily used for temporal representation
learning, whereas XGBoost is used for final classification and representation-oriented analy-
sis.

The final stage focuses on experimental evaluation and ablation-driven analysis across
three representation scenarios: statistical-only, temporal-only, and hybrid statistical-temporal
representations. In addition to classification performance evaluation, feature importance and
ablation analyses are conducted to investigate the relative contribution of different feature
representations in IoT DDoS detection.

3.2. Dataset and Preprocessing

This study utilizes the CICIoT2023 dataset [34], which is one of the recent large-scale
benchmark datasets designed for cybersecurity research in IoT environments. The dataset
contains millions of network traffic samples consisting of benign traffic and multiple DDoS
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attack categories with highly imbalanced class distributions. These characteristics make CI-
CloT2023 suitable for evaluating IDS performance under large-scale and heterogeneous net-
work traffic conditions. To preserve computational efficiency and maintain the validity of
temporal representations, this study adopts a feature-engineering-first preprocessing strategy,
where feature construction is performed before data sampling and shuffling. This approach
ensures that temporal dependencies between network traffic instances remain consistent dur-
ing temporal feature generation and sequence construction.

3.2.1. Basic Cleaning and Feature Scaling

The preprocessing stage begins with basic data cleaning to handle extreme values and
prevent computational instability during feature engineering. Zero values in several attributes,
such as Duration and Number, are replaced using a small epsilon constant to avoid division-
by-zero errors during ratio-based feature calculations. Categorical labels are subsequently
transformed into numerical representations using Label Encoding to enable processing by
machine learning and deep learning models. The encoder is fitted on the training data and
consistently applied to the testing data to preserve label consistency across all experimental
scenarios. After encoding, all numerical features are normalized using Min-Max Scaling within
the range of [0,1]. This normalization process reduces feature scale variation and improves
training stability, particularly for gradient-based learning models such as CNNs.

3.2.2. Memory-Efficient Data Processing

Considering the large scale of the CICIoT2023 dataset, several memory optimization
strategies are implemented to maintain computational stability during data processing. Nu-
merical data types such as float64 and int64 are converted into lower-memory formats such
as float32 and int32 without significantly affecting classification precision. In addition, dataset
loading is performed incrementally based on individual dataset partitions (*.csv) to avoid ex-
cessive memory consumption. Each file partition is processed independently, including dut-
ing preprocessing and feature engineering, before being merged into the final dataset. This
strategy enables large-scale traffic processing under limited computational resources while
preserving consistency across all experimental stages.

3.2.3. Data Splitting and Imbalance Handling

The dataset is divided using a file-based splitting strategy with a ratio of 70% training
data and 30% testing data to reduce the risk of temporal data leakage between closely related
traffic samples. The same split configuration is consistently applied across all experimental
scenarios and ablation studies to ensure that performance differences primarily reflect repre-
sentation effects rather than variations in data distribution. To address the highly imbalanced
class distribution in CICIoT2023, this study applies a cost-sensitive learning strategy through
class weighting. The weight for each class is calculated using the following equation:

_ N
_ani

wi O
where w; denotes the weight of the i-th class, N represents the total number of training
samples, C s the number of classes, and n; represents the number of samples belonging to the i-
th class.

This weighting mechanism assigns larger classification penalties to minority classes dut-
ing training, enabling the model to become more sensitive to attack categories with limited
sample distributions. The class weighting strategy is applied only during the training stage
without altering the natural distribution of the testing data.

3.3 Statistical and Temporal Feature Construction

This study constructs two primary feature representation types, namely statistical repre-
sentations and temporal representations. Both representations are designed to capture net-
work traffic characteristics from different yet complementary perspectives. Statistical repre-
sentations focus on snapshot-based traffic statistics within a particular interval, whereas tem-
poral representations emphasize traffic evolution over time through sequential dependencies
among network traffic instances [17], [35].
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3.3.1. Statistical Features

Statistical representations are constructed using network traffic statistics that describe
traffic conditions within a specific interval without explicitly modeling temporal order. These
features are intended to capture statistical anomalies commonly observed in DDoS attacks,
such as packet rate surges, abnormal protocol dominance, and irregular TCP flag distributions
[1]. In this study, statistical feature engineering includes several transformations, including
protocol ratio features, packet density features, and logarithmic transformations [36]. One
example of a protocol ratio representation is defined as follows:

SYNcount
Syn_ratio = ———"—— )
Ackcount + €
where € denotes a small constant used to avoid division-by-zero errors. Network traffic den-
sity is further represented using packet rate, defined as:
Tot_size

Packet_rate = —— 3
- Duartion ®

In addition, logarithmic transformations are applied to several numerical attributes to reduce
distribution skewness and improve model training stability:

Rate_log = log(1 + Rate) (4)

The statistical features used in this study are summarized in Table 1.

Table 1. Statistical feature construction used in the proposed framework.

Category Feature Name Formula
Protocol Ratio Syn_ratio Syn_count / (ack_count + &)
Protocol Ratio Fin_ratio Fin_count / (ack_count + ¢)
Protocol Ratio Rst_ratio Rst_count / (ack_count + ¢)
Packet Density Packet_rate Tot_size / Duration
Packet Density Flag_density (syn_flag + fin_flag + rst_flag) / (number + &)
Log Transformation Rate_log Log(1 + rate)
Log Transformation Srate_log Log(1 + Srate)
Log Transformation Drate_log Log(1 + Drate)
Log Transformation Tot_size_log Log(1 + tot_size)

These statistical features are used as the primary representation in the statistical-only
scenatio and as part of the hybrid statistical-temporal representation in the hybrid scenatio.
This approach enables the model to directly capture changes in network traffic characteristics
through statistical traffic snapshots without relying on explicit temporal dependencies.

3.3.2. Temporal Lag Representation

Temporal representations are constructed using a lag-based feature engineering ap-
proach to model temporal dependencies in network traffic. This approach is implemented by
shifting feature values from previous time intervals into the current traffic instance, allowing
the model to learn sequential relationships across traffic observations. In general, the lag-
based temporal representation can be expressed as follows:

l
Xtag = [X¢—1, X2, X¢—3] ©)

where Xéag represents a collection of historical features used to characterize traffic condi-
tions at time t.

As an illustration, feature values from time t — 1 are incorporated as additional inputs
for classification at time t. This strategy enables the model to learn gradual traffic behavior
changes, including burst traffic patterns and local temporal dependencies commonly associ-
ated with DDoS attacks [37], [38]. The mechanism of temporal feature generation is illustrated
in Figure 3.
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Lag-1 Shifting Mechanism for Temporal Feature Engineering

Original Feature (Rate) Lagged Feature (Rate_Lagl)
t=1 100 NaN
t=2 250 100
t=3 180 250
t=4 300 180

:] Original feature value at time t |:, Not available (no previous value)

:] Lagged feature (value from time t-1) ———» Shift by 1 time step (lag = 1)

Figure 3. Illustration of temporal feature generation using lag-based shifting representation.

In practice, temporal features are constructed using several key attributes, including
packet rate, inter-arrival time (IAT), and packet size, which are shifted across multiple previ-
ous intervals. Lag feature construction is performed before data shuffling and sampling to
preserve the validity of temporal ordering among traffic instances. This procedure ensures
that lag features genuinely represent traffic occurring prior to the current observation, thereby
maintaining the historical context of attack behavior. The resulting temporal representations
are subsequently used as inputs for the 1D-CNN model to learn sequential patterns and local
temporal dependencies automatically [17], [39].

3.4. Hybrid Statistical-Temporal Architecture

This study employs a hybrid statistical-temporal learning pipeline to analyze the contri-
bution of statistical and temporal representations for IoT DDoS detection. Unlike conven-
tional end-to-end deep learning approaches, the framework follows a two-stage learning strat-
egy in which CNN is used for temporal representation learning, while the final classification
stage is performed using ensemble tree-based models.

Statistical representations are used to capture snapshot-based traffic characteristics such
as packet rate, protocol ratios, flow density, and TCP flag distributions. In contrast, temporal
representations are designed to model traffic evolution through sequential dependencies
among network traffic observations. The combination of both representations is evaluated to
examine whether integrating statistical and temporal information provides complementary
benefits compared with using each representation independently. The framework consists of
two main stages. The first stage employs a 1D-CNN architecture to learn latent temporal
representations from lag-based traffic sequences. The second stage utilizes XGBoost as the
final classifier by combining engineered statistical features with latent temporal features ex-
tracted from the CNN model.

3.4.1. CNN-Based Latent Representation Learning

Temporal representations in this study are learned using a dual-input 1D-CNN architec-
ture that simultaneously processes lag-based temporal features and engineered statistical fea-
tures. Unlike two-dimensional CNNs commonly used in computer vision, the 1D-CNN in
this study operates on sequential traffic data to capture local traffic patterns and temporal
dependencies across consecutive intervals.

The temporal branch receives lag-based sequential traffic features represented as ordered
traffic sequences from several previous intervals. These sequential representations are pro-
cessed through multiple Conv1D and MaxPooling1D layers to extract local temporal patterns
and traffic variations. The output from the temporal branch is subsequently transformed into
a one-dimensional representation using a Flatten layer. In parallel, the model also receives
engineered statistical traffic features through a dense network branch to preserve discrimina-
tive statistical traffic characteristics associated with DDoS attacks. The outputs from both
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branches are combined using feature concatenation to construct a unified representation. The
fused representation is then processed through a Dense layer consisting of 64 neurons to
produce a 64-dimensional latent representation. During CNN training, this latent representa-
tion is optimized using a softmax classification objective.

To improve training stability and reduce overfitting risk, the CNN training process in-
corporates ReduceLROnPlateau and EarlyStopping callback strategies. ReduceLROnPlateau
adaptively decreases the learning rate when validation performance stagnates, whereas Ear-
lyStopping terminates training when no further validation improvement is observed. These
strategies improve training efficiency and help maintain model generalization stability for
large-scale and highly imbalanced datasets. After CNN training is completed, the output from
the Dense(64) layer is extracted as a fixed latent feature representation. The extracted latent
features are subsequently used as additional inputs during ensemble tree-based classification.
Therefore, the framework follows a two-stage learning strategy in which CNN is first trained
for temporal representation learning, followed by downstream classification using the ex-
tracted latent features. The primary configuration of the CNN-based temporal representation
learning architecture is summarized in Table 2.

Table 2. Configuration of the proposed CNN-based latent representation learning architecture.

Component Configuration
Temporal Input Lag-based sequential traffic features
Temporal Convolution Layer 1 ConvlD (64 filters) + MaxPooling1D
Temporal Convolution Layer 2 Conv1D (128 filters) + MaxPooling1D
Temporal Feature Flattening Flatten Layer
Statistical Embedding Layers Dense (256), Dense (128)
Regularization Batch Normalization, Dropout = 0.3
Feature Fusion Concatenation of statistical and temporal representations
Latent Representation Layer Dense (64 neurons)
CNN Training Output Softmax Layer
Learning Strategy ReduceLROnPlateau, EarlyStopping
Deep Learning Framework TensorFlow (Keras API)

3.4.2. Final Classification

In the final classification stage, this study employs XGBoost as the primary classifier due
to its capability to handle large-scale data, non-linear feature relationships, and highly imbal-
anced class distributions. In the hybrid scenario, the classifier input consists of engineered
statistical features combined with fixed latent representations extracted from the CNN model.
These latent representations are obtained from the Dense(64) layer after CNN training and
subsequently used as fixed features during ensemble tree-based classification.

In the statistical-only scenario, the classifier is trained solely using engineered statistical
features without incorporating temporal representations. Meanwhile, in the temporal-only
scenario, classification is performed using temporal representations obtained through CNN-
based sequence learning. This experimental design enables the study to evaluate the relative
contribution of statistical, temporal, and hybrid representations for IoT DDoS detection. In
addition to XGBoost, Random Forest and CatBoost are also evaluated as comparative en-
semble tree-based classifiers to examine performance consistency across different classifica-
tion models. Nevertheless, the primary focus of this study remains on representation-oriented
analysis rather than exploring increasingly complex classification architectures. The main clas-
sifier configurations used in this study are summarized in Table 3.

Table 3. Configuration of ensemble tree-based classifiets.

Model Main Parameters
XGBoost n_estimators = 100, max_depth = 6, tree_method = hist
CatBoost iterations = 100, depth = 6

Random Forest n_estimators = 100, class_weight = balanced




Journal of Computing Theories and Applications 2026 (May), vol. 3, no. 1, Wicaksono, et al.

688

Aspect

Input
Representation

Learning
Strategy

Classifier
(Decision Model)

> @ 0 @

Output
(Target)

Purpose

Ablation
Configurations
(Analysis)

,@ sl

3.5 Experimental Scenarios and Ablation Design

The experimental evaluation in this study is designed to analyze the contribution of sta-
tistical and temporal representations to the IoT DDoS detection process. Therefore, the ex-
periments are not solely focused on final classification performance, but also on understand-
ing how different feature representations influence the model’s ability to recognize attack
patterns under highly imbalanced network traffic conditions. To achieve this objective, the
evaluation framework combines representation-based experimental scenarios with ablation-
driven analysis to examine the relative contribution of statistical features, temporal depend-
encies, and feature engineering strategies. The overall experimental scenario design and abla-
tion configuration are illustrated in Figure 4.
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Figure 4. Experimental scenario design and ablation configurations for representation analysis in IoT DDoS detection.

3.5.1. Representation-Based Scenarios

This study evaluates three primary experimental scenarios designed to isolate the contri-
bution of statistical representations, temporal representations, and their hybrid integration
during the classification process. The first scenatio, namely Scenario A (S1-Statistical), utilizes
statistical traffic representations without incorporating explicit temporal dependencies. In this
scenario, machine learning classifiers are trained using engineered statistical traffic features to
evaluate the effectiveness of snapshot-based traffic representations for distinguishing benign
traffic from DDoS attacks. This scenatio serves as the baseline representation setting for
evaluating the contribution of statistical feature engineering independently.

The second scenatio, Scenario B (S2-Temporal), focuses on temporal representations
constructed using lag-based traffic sequences and learned through 1D-CNN-based temporal
modeling. In this configuration, the model receives only temporal sequence representations
without explicitly incorporating engineered statistical traffic features. The objective of this
scenatio is to evaluate the capability of temporal representations in capturing traffic evolution
patterns and local sequential dependencies across network traffic intervals.

The third scenario, Scenario C (S3-Hybrid), combines engineered statistical features with
latent temporal representations extracted from the CNN model. In this hybrid configuration,
the latent temporal features are concatenated with statistical traffic features before final clas-
sification using XGBoost. This scenario is designed to evaluate whether integrating statistical
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and temporal representations provides complementary benefits and produces a more com-
prehensive traffic representation compared with using each representation independently

3.5.2. Ablation Analysis Design

In addition to the three primary experimental scenarios, this study also conducts ablation
analysis to examine the contribution of feature representations, temporal dependencies, and
feature engineering strategies to classification performance. All ablation experiments are pet-
formed using identical preprocessing configurations, dataset splitting strategies, and evalua-
tion protocols to ensure that performance differences primarily reflect the impact of repre-
sentation configurations rather than variations in data distribution or training procedures.

The ablation study is divided into three main groups. Group A focuses on representa-
tion-level analysis by compating statistical-only, temporal-only, and hybrid representations.
Group B investigates the contribution of temporal dependency modeling through lag-based
features and CNN-based temporal learning. Meanwhile, Group C evaluates the impact of
advanced feature engineering strategies on classification performance. The complete ablation
configurations used in this study are summarized in Table 4.

Table 4. Ablation configurations for representation, temporal dependency, and feature engineering

analysis.
Ablation Group Ablation Code Configuration Analysis Objective
. Statistical representa- ~ Evaluate the effectiveness of snap-
A1 — Statistical . . .
tion only shot-based statistical representation
Representation CNN-based latent rep- Evaluate the effectiveness of learned
. A2 — Temporal . .
Ablation resentation only temporal representation
A3 — Hybrid Statlst}cal and temppral Evaluate the contr.lbutlon. of hybrid
hybrid representation representation fusion
B1 — Statistical- ~ Statistical features with- ~ Analyze statistical representation
T | NolLag out lag dependency without temporal dependency
cmpora B2 — Statistical ~ Statistical features with Analyze the contribution of manual
Dependency +La, lag features temporal dependency
Ablation 5 & p P Yo
B3 — CNN-Tem- CNN-based temporal Compare manual lag representation
poralOnly representation and learned temporal representation
. Basic statistical feature ~ Evaluate baseline representation
Feature C1 — BasicFeature ) - '
- - set without advanced feature engineering
Engineering . S
Ablation C2 — FullFea-  Full engineered feature  Evaluate the contribution of ad-
tureEngineering set vanced feature engineering strategies

This ablation-driven design enables a more detailed analysis of the relationship between
feature representations, temporal dependency modeling, and classification performance com-
p , temp P y g p
pared with conventional benchmark-oriented evaluation alone.

3.6 Evaluation Metrics and Representation Analysis

Performance evaluation in this study is conducted using multiple classification metrics
to analyze model behavior under highly imbalanced network traffic conditions. Since the class
distribution in the CICIoT2023 dataset is dominated by several majority classes, relying on a
single evaluation metric is considered insufficient for representing overall model performance
comprehensively. Therefore, the primary evaluation metrics used in this study include accu-
racy, weighted F1-score, and macro-level evaluation metrics.

Accuracy is used to measure the proportion of correct predictions over the entire testing
dataset, while weighted F1-score evaluates classification performance by considering the sam-
ple distribution of each class. However, weighted metrics in highly imbalanced datasets may
produce seemingly high performance even when the model still struggles to recognize minos-
ity attack categories consistently. To address this limitation, macro-level evaluation metrics
are also incorporated to assess model robustness across all attack categories more evenly,
regardless of class distribution size.
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Beyond classification performance evaluation, this study also conducts feature im-
portance analysis to investigate the dominance of different feature representations during the
decision-making process. The analysis is performed using feature importance scores obtained
from the XGBoost classifier in the hybrid representation scenario. Feature importance anal-
ysis is used to evaluate the relative contribution of engineered statistical features and latent
temporal representations extracted from the CNN model. This approach enables a more de-
tailed understanding of which feature representations contribute most significantly to IoT
DDoS detection under large-scale and highly imbalanced traffic conditions.

4. Results and Representation Analysis

4.1. Experimental Setup and Dataset Characteristics
4.1.1. Dataset Characteristics

This study utilizes the CICIoT2023 dataset developed by the Canadian Institute for Cy-
bersecurity (CIC), which is considered one of the recent benchmark datasets for cybersecurity
research in IoT environments. The dataset is publicly available through the CIC research re-
pository at: https://www.unb.ca/cic/datasets/iotdataset-2023.html. The dataset was con-
structed using more than 100 real IoT devices and contains 33 attack types grouped into
several major categories, including Distributed Denial of Service (DDoS), Denial of Service
(DoS), Reconnaissance, Spoofing, Web-based attacks, and Mirai botnet traffic. Compared
with earlier IDS benchmark datasets, CICIoT2023 provides a substantially larger traffic scale
with tens of millions of network traffic samples and highly imbalanced class distributions.
These characteristics make the dataset more representative for evaluating modern IDS under
large-scale and heterogeneous IoT traffic conditions. To maintain computational efficiency
while preserving traffic diversity, this study utilizes a subset consisting of 50 CSV file parti-
tions from the original dataset.

The class distribution in CICIoT2023 is heavily dominated by several DDoS and DoS
categories, while other attack classes contain considerably fewer samples. This imbalance in-
troduces a major challenge during classification because learning models may become biased

toward majority traffic categories. A representative summary of several dominant classes in
CICIoT2023 is presented in Table 5.

Table 5. Representative class distribution of the CICIoT2023 dataset.

Class Samples % Class Samples % Class Samples %
DDoS-ICMP-Flood  6.89M  15.31 DDoS-SYN-Flood 3.88M 8.63 Benign 1.06M 2.34
DDoS-UDP-Flood  518M  11.51  DDoS-RSTFINFlood 3.87M 8.60 Mirai-GREETH 0.95M 2.11
DDoS-TCP-Flood 4.31M 9.57  DDoS-SynonymousIP  3.45M 7.65 VulnerabilityScan 0.36M 0.79
DDoS-PSHACK-Flood 3.92M 8.71 DoS-UDP-Flood 3.18M 7.06 DNS-Spoofing 0.17M 0.38
DoS-TCP-Flood 2.56M 5.68 DoS-SYN-Flood 1.94M 4.31 Recon-PortScan 0.08M 0.18
Mirai-UDPPlain 0.74M 1.64  Recon-HostDiscovery  0.13M 0.29 DDoS-HTTP-Flood  0.03M 0.06
Mirai-GREIP 0.69M 1.53 MITM-ArpSpoofing  0.11M 0.24 Sqllnjection 0.02M 0.04

The distribution shown in Table 5 indicates that most traffic samples are dominated by
flooding-based DDoS categories, whereas several attack types such as reconnaissance attacks
and HTTP flooding contain substantially smaller proportions. Under such highly imbalanced
conditions, evaluation metrics based solely on accuracy may become less representative for
measuring model robustness across all attack categories.

To address this imbalance, this study applies a cost-sensitive learning strategy through
adaptive class weighting during model training. This approach allows minority classes to re-
ceive larger classification penalties without modifying the original distribution of the testing
data. The class distribution imbalance and adaptive class weighting strategy used during train-
ing are illustrated in Figure 6. This strategy is intended to improve the model’s sensitivity
toward minority attack categories while preserving the natural traffic distribution during eval-
uation. These dataset characteristics also motivate the use of weighted F1-score and macro-
level evaluation metrics in the subsequent representation analysis.
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Figure 6. Class distribution imbalance and adaptive class weighting strategy applied during model
training,

4.1.2. Experimental Configuration

All experiments are conducted in a local computing environment utilizing a combination
of CPU- and GPU-based processing. Deep learning experiments are performed using an
NVIDIA GeForce RTX 5070 Ti GPU with 16 GB VRAM to accelerate CNN-based tem-
poral representation learning, whereas ensemble tree-based models such as XGBoost, Cat-
Boost, and Random Forest are executed using CPU-based parallel processing. The complete
hardware and software configuration used in this study is summarized in Table 6.

Table 6. Experimental environment and hardwate configuration.

Component Specification
Processor (CPU) AMD Ryzen 7 9800X3D
Memory (RAM) 64 GB DDRS5 6000 MT/s
Storage NVMe SSD 4 TB
Graphics Processing Unit (GPU) NVIDIA GeForce RTX 5070 Ti (16 GB VRAM)
Operating System Windows 11 64-bit
Programming LLanguage Python
Data Processing Libraries Pandas, NumPy
Machine Learning Libraries Scikit-learn, XGBoost, CatBoost
Deep Learning Framework TensorFlow (Keras API)

To maintain the validity of the ablation study and representation-oriented analysis, all
experimental scenarios use identical preprocessing procedures, dataset splitting configura-
tions, and evaluation protocols. Consequently, performance differences across scenarios can
be interpreted primarily as the effect of representation configurations and model settings ra-
ther than variations in data distribution or training procedures.

4.2. Performance Across Representation Scenarios
4.2.1. Statistical Representation Performance

The experimental results indicate that statistical traffic representations provide very
strong detection capability for IoT DDoS attacks on the CICIoT2023 dataset. Under the
statistical-only scenario (S1-Statistical), XGBoost achieved the highest overall performance
with an accuracy of 99.36% and a weighted Fl-score of 99.31%, outperforming all other
experimental configurations. The complete performance comparison across representation
scenarios and classifiers is summarized in Table 7.

One of the most notable findings is that statistical representations alone already produce
near-saturated classification performance across multiple classifiers. This result suggests that
the traffic statistics available in CICIoT2023 contain highly discriminative patterns capable of
separating benign and malicious traffic without requiring complex temporal modeling.
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Features such as TCP flag distributions, packet density, protocol ratios, and packet rate appear
sufficient to capture dominant traffic irregularities associated with large-scale DDoS attacks.
Similar observations have also been reported in recent IDS studies, where engineered statis-
tical traffic features and flow-based representations demonstrated strong effectiveness for
detecting volumetric DDoS behavior and abnormal traffic surges [36], [40]. These findings
indicate that engineered statistical traffic features remain highly effective for modern IDS
systems, particulatly for flood-based attack scenarios where abnormal traffic behavior can
already be observed clearly at the snapshot level.

Table 7. Performance comparison across statistical, temporal, and hybrid representation scenatios.

Scenatio Model Accuracy Precision Recall Weighted F1
S1- Statistical CatBoost 0.97874 0.97805 0.97874 0.97838
S1- Statistical Random Forest 0.97656 0.98670 0.97656 0.98055
S1- Statistical XGBoost 0.99357 0.99315 0.99357 0.99312
S2-Temporal CatBoost 0.81505 0.81452 0.81505 0.81475
S2-Temporal Random Forest 0.86564 0.88523 0.86564 0.86746
S2-Temporal XGBoost 0.92905 0.92936 0.92905 0.92716

S3-Hybrid CatBoost 0.97982 0.97958 0.97982 0.97970

S3-Hybrid ~ Random Forest 0.95820 0.97143 0.95820 0.96197

S3-Hybrid XGBoost 0.99358 0.99316 0.99358 0.99313

4.2.2. CNN-Based Latent Representation Performance

The temporal representation scenatio (S2-Temporal) produced substantially lower pet-
formance compared with the statistical representation scenario across all classifiers. Although
the CNN-based temporal representation was able to learn sequential traffic patterns and local
temporal dependencies, its discriminative capability remained below that of engineered sta-
tistical traffic features. Under the temporal-only configuration, XGBoost achieved the best
performance with an accuracy of 92.90% and a weighted I'1-score of 92.72%, while CatBoost
and Random Forest experienced larger performance degradation.

These findings suggest that temporal sequence representations alone may not sufficiently
capture the full variability of IoT DDoS traffic patterns under highly imbalanced traffic con-
ditions. In large-scale DDoS traffic, many attack characteristics still appear to be strongly
associated with observable statistical anomalies such as packet bursts, abnormal protocol dis-
tributions, and traffic density irregularities, which can already be effectively represented
through snapshot-based traffic statistics [13], [36]. Consequently, the latent representations
learned by CNN appear to provide complementary rather than dominant discriminative con-
tributions during classification.

Another important observation is the noticeable precision—recall gap in several temporal
configurations, particularly for Random Forest. In the temporal-only scenario, Random For-
est achieved 88.52% precision but only 86.56% recall, indicating that the model tends to pro-
duce more conservative predictions under highly imbalanced conditions. While this behavior
helps reduce false positive predictions, it also suggests that certain attack instances, especially
minority traffic categories, remain difficult to detect consistently using temporal representa-
tions alone. Similar challenges related to minority attack detection under imbalanced traffic
distributions have also been discussed in recent IDS imbalance studies [13].

4.2.3. Hybrid Representation Performance

The hybrid statistical-temporal scenario (S3-Hybrid) achieved the highest overall per-
formance, particularly when combined with XGBoost. However, the numerical improvement
over the statistical-only scenario remained relatively small. For example, the weighted F1-
score of XGBoost increased only marginally from 99.312% to 99.313% after integrating latent
temporal representations. This finding suggests that the primary soutce of discriminative in-
formation still originates from engineered statistical traffic features, while temporal represen-
tations contribute mainly as complementary sequential information.

Despite the relatively small numerical improvement, the hybrid configuration demon-
strated more stable performance across multiple classifiers and evaluation metrics. The inte-
gration of latent temporal representations appears to provide additional contextual
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information regarding traffic evolution patterns that may not be fully captured through iso-
lated statistical snapshots. Similar hybrid IDS studies have also reported that temporal deep
learning representations can complement statistical traffic features by capturing sequential
dependencies and traffic evolution behavior [10], [13].

Differences in classifier behavior also reveal important relationships between feature
characteristics and classification mechanisms. XGBoost consistently achieved the most stable
performance across all scenarios with relatively balanced precision and recall values, indicating
stronger robustness under highly imbalanced traffic distributions. This behavior is likely as-
sociated with the boosting mechanism of XGBoost, which incrementally focuses on difficult
samples and complex feature interactions. In contrast, Random Forest exhibited larger preci-
sion—recall gaps, particulatly in temporal and hybrid scenarios, suggesting lower sensitivity
toward certain minority attack categories. Meanwhile, CatBoost produced stable but consist-
ently lower performance, likely because the representations used in this study are dominated
by engineered numerical traffic features and latent continuous representations rather than
categorical feature relationships.

To further analyze classification behavior, confusion matrix evaluation was conducted
using the best-performing model, namely the S3-Hybrid configuration with XGBoost. The
confusion matrix shows a strong concentration along the main diagonal, indicating that most
traffic samples across attack categories were classified correctly. Misclassification patterns re-
mained relatively limited and did not exhibit dominant confusion between specific attack cat-
egories, suggesting good generalization capability under large-scale and highly imbalanced IoT
traffic conditions.

4.3. Ablation and Representation Contribution Analysis

To better understand the contribution of feature representations and temporal depend-
encies to classification performance, this study conducts a series of ablation experiments
across multiple representation and feature engineering configurations. Unlike conventional
benchmark-oriented evaluation that primarily emphasizes final accuracy, the ablation frame-
work in this study is designed to analyze the relationship between statistical representations,
temporal representations, and classification robustness under highly imbalanced loT traffic
conditions. The complete ablation results are presented in Table 8.

Table 8. Ablation study results across different feature representation configurations.

Ablation Scenario Accuracy  Weighted F1  Macro Precision Macro Recall
A1 — Statistical 0.99359 0.99314 0.85374 0.74875
A2 — Temporal 0.92905 0.92716 0.76341 0.65442
A3 — Hybrid 0.99358 0.99313 0.84975 0.74552
B1 — Statistical-NoLag 0.99359 0.99314 0.85374 0.74875
B2 — Statistical+Lag 0.99353 0.99305 0.85021 0.74381
B3 — CNN-TemporalOnly 0.92905 0.92716 0.76341 0.65442
C1 — BasicFeature 0.99299 0.99239 0.84188 0.73646
C2 — FullFeatureEngineering  0.99360 0.99314 0.85171 0.74808

4.3.1. Representation Contribution Analysis

The ablation results suggest that statistical traffic representations provide the strongest
contribution to IoT DDoS detection performance on CICIoT2023. The Al-Statistical sce-
nario achieved a weighted F1-score of 99.31%, which is nearly identical to the hybrid config-
uration. This finding suggests that engineered statistical traffic features are already highly dis-
criminative for separating benign and malicious traffic in large-scale IoT environments [36],
[40]. In particular, snapshot-based traffic characteristics such as packet density, protocol im-
balance, and TCP flag distributions appear sufficient to capture the dominant behavioral
anomalies associated with flooding-based attacks.

In contrast, the A2-Temporal and B3-CNN-TemporalOnly configurations expetienced
a noticeable performance decline compared with the statistical representation scenario. The
temporal representation achieved a weighted Fl-score of approximately 92.7%, while macro
recall decreased to 65.4%, indicating lower robustness across minority attack categories.
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These results suggest that temporal sequence representations alone are not sufficient to cap-
ture the full variability of IoT DDoS traffic patterns when statistical traffic information is
excluded. An interesting observation is that the performance gap between statistical and tem-
poral representations remains substantially larger than the improvement obtained from hybrid
fusion. This behavior implies that the discriminative capability of the dataset appears to rely
more strongly on observable traffic statistics than on long-range temporal dependencies.

Nevertheless, temporal representations still provide complementary benefits within the
hybrid configuration. Although the numerical improvement in weighted performance is rela-
tively small, the hybrid representation demonstrates slightly more stable macro-level perfor-
mance under multiclass and highly imbalanced traffic conditions. This finding indicates that
CNN-based temporal learning functions more as a representation enhancer that supplements
statistical traffic information rather than replacing it as the primary discriminative component.

The noticeable gap between weighted performance and macro-level evaluation metrics
further indicates that extremely high weighted scores may still mask lower sensitivity toward
minority attack categories [18], [19]. Although the statistical and hybrid scenarios achieved
near-saturated weighted F1-score performance, the macro recall values remained substantially
lower, suggesting that several minority attack classes were still more difficult to recognize
consistently. This behavior highlights the importance of representation-level and class-level
evaluation in highly imbalanced IDS benchmarks, where overall benchmark accuracy alone
may not fully reflect model robustness across heterogeneous attack distributions.

4.3.2. Temporal Dependency Analysis

The temporal dependency ablation further shows that short-term lag dependencies have
relatively limited influence on the final classification performance. The comparison between
B1-Statistical-NoLag and B2-Statistical+Lag reveals only marginal differences in both
weighted F1-score and macro-level evaluation metrics. This result suggests that the snapshot-
based traffic statistics available in CICI0T2023 ate already sufficiently informative for repre-
senting DDoS attack behavior without requiring complex temporal dependency modeling.

These findings imply that many attack patterns in the dataset appear to exhibit charac-
teristics more consistent with instantaneous traffic anomalies than long sequential behavioral
patterns. In other words, abnormal traffic intensity and protocol behavior can already be
identified effectively from isolated traffic snapshots. This obsetvation suggests that increas-
ingly complex temporal modeling may not always produce substantial performance improve-
ments, particularly when statistical traffic anomalies are already highly discriminative [10], [13].
In the context of CICIoT2023, the additional computational cost introduced by temporal
sequence modeling appearts to provide only limited practical gains relative to the strength of
statistical traffic representations.

4.3.3. Feature Engineering Contribution Analysis

The comparison between Cl-BasicFeature and C2-FullFeatureEngineering demon-
strates that feature engineering still contributes meaningfully to classification performance,
even when using powerful ensemble classifiers such as XGBoost. The inclusion of ratio-based
features, traffic density features, and logarithmic transformations consistently improved both
weighted F1-score and macro-level metrics. These transformations help stabilize tratfic rep-
resentations under highly skewed and heterogeneous traffic distributions, enabling the classi-
fier to separate attack categories more effectively [36].

An important insight from this analysis is that high IDS performance is not solely detet-
mined by the complexity of deep learning architectures. Instead, the quality of traffic repre-
sentation and the effectiveness of feature engineering remain critical factors in modern IoT
intrusion detection systems. The ablation results further suggest that the strong detection
performance achieved in this study originates primarily from the discriminative capability of
engineered statistical traffic representations, while temporal modeling and advanced feature
engineering mainly contribute by enhancing representation robustness and classification sta-
bility under highly imbalanced traffic conditions.

4.4. Feature Importance and Representation Dominance Analysis

In addition to classification performance evaluation, this study also conducts feature im-
portance analysis to examine the dominance of different feature representations during the
model decision-making process. The analysis is performed using feature importance scores
obtained from the XGBoost classifier in the hybrid representation scenario to evaluate the
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relative contribution of engineered statistical traffic features and CNN-based latent temporal
representations. The visualization in Figure 7 shows that the classification process is still
strongly dominated by statistical traffic features. The two most influential features, namely
psh_flag_number and flag_density, exhibit substantially higher importance scores than the
remaining features. The dominance of these features indicates that the model relies heavily
on TCP flag distribution patterns and traffic intensity characteristics for detecting DDoS at-
tacks. This observation is consistent with the flooding-oriented behavior of CICIoT2023,
where attacks generate abnormal connection bursts, increased flag activity, and extremely high
packet density within short traffic intervals.

Another important observation is the highly uneven contribution distribution across fea-
tures. Most importance scores are concentrated on a small number of dominant statistical
indicators, while many other features contribute only marginally to the final decision process.
This finding suggests that the classification behavior on CICIoT2023 is driven primarily by a
limited set of highly discriminative traffic characteristics rather than by uniform utilization of
all available features. In other words, the model appears to construct its decision boundaries
mainly around several dominant statistical traffic indicators.

Top-20 Feature Importance - Scenario 3 (Hybrid)
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Figure 7. Feature importance distribution between statistical features and CNN-based temporal rep-
resentations in the hybrid model.

CNN-based temporal features are still present within the Top-20 feature importance
rankings through several latent representations such as sz 20, sz 17, st_11, and s_55. How-
ever, their contribution remains noticeably lower than that of the dominant statistical traffic
features. This result indicates that temporal representations are still capable of capturing ad-
ditional relevant traffic patterns, but their role is primarily complementary rather than domi-
nant in the overall detection process [41].

An interesting implication of these findings is that the superior performance achieved
by the hybrid configuration does not originate from temporal representation dominance, but
rather from the ability of temporal representations to refine classification stability for certain
traffic patterns that may not be fully represented through isolated statistical snapshots. This
behavior aligns closely with the previous ablation results, where the statistical-only configu-
ration already achieved weighted F1-score performance neatly identical to the hybrid config-
uration.

More importantly, these results highlight that very high benchmark performance on CI-
CloT2023 does not necessarily imply balanced contribution across all model components.
Although the hybrid framework combines CNN-based temporal learning with XGBoost clas-
sification, the overall decision-making process remains substantially more influenced by en-
gineered statistical traffic representations than by latent temporal representations. Conse-
quently, the findings suggest that increasing deep learning complexity does not always
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correspond to proportional representation dominance in modern IDS systems. Instead, the
effectiveness of statistical traffic representation and feature engineering remains the primary
factor driving classification performance in large-scale IoT DDoS detection.

5. Conclusions

This study presented an ablation-driven analytical framework to investigate the contri-
bution of statistical, temporal, and hybrid representations for large-scale IoT DDoS detection
using the CICI0T2023 dataset. Unlike conventional intrusion detection studies that primarily
emphasize benchmark performance improvement, this work focused on understanding how
different feature representations contribute to the detection process under highly imbalanced
traffic conditions. The proposed framework combined CNN-based temporal representation
learning with ensemble tree-based classification using XGBoost to evaluate the relative effec-
tiveness of different representation configurations.

Experimental results consistently showed that engineered statistical traffic representa-
tions remain the dominant source of discriminative information for IoT DDoS detection.
The statistical representation scenario achieved the highest overall performance with 99.36%
accuracy and 99.31% weighted F1-score, while feature importance analysis further confirmed
the strong dominance of statistical traffic features in the classification process. In contrast,
CNN-based temporal representations provided comparatively limited contributions and pri-
marily acted as complementary representations that improved classification stability under
multiclass and highly imbalanced traffic conditions.

The ablation analysis further demonstrated that advanced statistical feature engineering
contributed more substantially than temporal dependency modeling in the evaluated experi-
mental settings. Although temporal sequence learning was able to capture additional sequen-
tial traffic behavior, the hybrid configuration produced only marginal improvements over the
statistical representation alone. These findings suggest that, for CICIoT2023, snapshot-based
traffic characteristics remain substantially more informative than learned temporal dependen-
cies for distinguishing benign and malicious traffic. Another important finding is that very
high weighted benchmark performance does not necessarily imply balanced robustness across
all attack categories. The comparison between weighted and macro-level evaluation metrics
showed that representation-level analysis remains important for understanding classifier be-
havior under highly imbalanced traffic distributions, particularly for minority attack classes.

Opverall, this study provides empirical evidence that increasing deep learning complexity
does not always lead to proportional representational gains in IoT intrusion detection systems.
Instead, the effectiveness of engineered statistical representations remains a critical factor in
achieving robust IDS performance. These findings contribute to a deeper understanding of
representation behavior in modern IoT IDS research and provide practical insights for future
representation-aware intrusion detection design. Nevertheless, this study has several limita-
tions. The experiments were conducted only on the CICIoT2023 dataset, and the temporal
modeling approach relied on lag-based sequence construction using a relatively lightweight
1D-CNN architecture. Future work may explore cross-dataset representation robustness,
adaptive representation learning under evolving attack patterns, and lightweight representa-
tion-aware IDS frameworks for real-time IoT deployment.
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