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ABSTRACT

This study discusses the application of a deep learning-based multi-label classification method integrated
with an adaptive load balancing mechanism in a distributed computing system. The main objective of this
study is to improve the efficiency, stability, and responsiveness of the system in handling complex and
dynamic network traffic. The simulation process begins with traffic data processing, feature extraction
using a Recurrent Neural Network (RNN) with a Long Short-Term Memory (LSTM) architecture, and the
implementation of a multi-label classification framework. The classification results are then used as input
for the adaptive load balancing mechanism, which is further optimized through integration with Deep
Reinforcement Learning (DRL). Performance evaluation shows that the multi-label RNN model is able to
achieve an Area Under the Curve (AUC) value close to 0.95 on training and validation data, indicating
good generalization ability. However, the confusion matrix reveals that there are still quite high
classification errors, especially in Video Streaming and Web Traffic, whereas performance on VoIP is
relatively more stable. The implementation of DRL is proven effective with a consistently increasing
reward trend, indicating the agent's ability to adapt to system conditions. Furthermore, the results of
throughput and latency measurements show significant improvements after the implementation of
adaptive load balancing. Average throughput increased from 85-115 requests/s to 120-150 requests/s,
whereas latency decreased from 95-120 ms to 65-95 ms.

Keywords-multi-label classification; deep learning; adaptive load balancing; Deep Reinforcement Learning
(DRL); distributed computing

I.  INTRODUCTION

flexibility limitations [3, 4]. Therefore, they have emerged as a

The rapid advancement of digitalization has led to
significant developments in information and communication
technology, particularly in Industry 4.0. This progress has
driven a growing need for computing systems capable of
handling large data volumes and complex computing processes
[1, 2]. Distributed computing systems have driven major
advancements in business models across industries, making
traditional centralized computing models increasingly unable to
accommodate these needs due to resource, scalability, and

new paradigm that allows workloads to be distributed across
multiple nodes or servers connected via a network. Distributed
computing systems enable more efficient resource utilization,
improved fault tolerance, and the ability to adapt to dynamic
user demand. In this context, one critical issue that must be
addressed is how to manage workload distribution, or load
balancing, to maintain optimal system performance and prevent
bottlenecks on specific nodes [5, 6]. Multi-label classification
of network traffic using deep learning algorithms is a
computational approach that aims to recognize and group data
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packets based on more than one label or category
simultaneously. In the context of load balancing optimization
in distributed computing systems, this mechanism is important
because it can provide a more comprehensive picture of the
characteristics of ongoing traffic, so that resource allocation
can be carried out adaptively and efficiently. Mechanistically,
this process begins with the collection and preprocessing stage
of network data, where various parameters such as packet size,
throughput, latency, source/destination IP, and protocol type
are collected from network logs or network sensors. The data
are then normalized and represented in the form of numeric
vectors for processing by the deep learning model.

Load balancing is a mechanism for distributing traffic or
computing requests evenly among available resources. The
goal is to increase system throughput, minimize response
times, and avoid overloading specific nodes [7, 8]. However, as
the complexity of modern applications increases, network
traffic patterns are becoming increasingly heterogeneous and
dynamic. Traffic from video streaming applications, social
media, cloud services, and Internet of Things (IoT) devices
produces different characteristics, including packet size,
transmission frequency, and bandwidth requirements [9-11].
This complexity makes traditional static rule-based load
balancing mechanisms ineffective [12]. This research uncovers
deep issues in load balancing, particularly in distributed
computing systems. Several fundamental problems persist that
contribute to suboptimal system performance. First,
conventional load balancing methods often rely on static or
simple heuristic-based approaches, such as round-robin, least
connections, or random allocation. These methods fail to
account for the heterogeneous nature of modern network traffic
[13, 14]. As a result, workloads are not always distributed
according to application capacity and needs, which can lead to
resource imbalances, increased response times, and reduced
Quality of Service (QoS). Second, network traffic classification
in the context of load balancing is often performed using a
single-label approach, assuming that each data flow has only
one dominant category. However, in practice, many data flows
have more than one important attribute simultaneously. Third,
the increasing scale of data in modern networks poses its own
challenges. The volume of traffic generated by millions of IoT
devices, cloud services, and real-time applications is very
difficult to analyze with traditional machine learning-based
methods that still rely on manual feature engineering. Fourth,
modern distributed computing systems demand adaptability
and real-time decision making. Load balancing mechanisms
must not only accurately determine load allocation but also be
able to make decisions quickly to avoid disrupting overall
system performance. These issues demonstrate the need for a
new, more intelligent, adaptive, and accurate approach to load
balancing in distributed computing systems [15].

Extensive research has been conducted on load balancing
and network traffic classification using both traditional and
modern approaches. Many studies integrate machine learning
methods into network traffic analysis. Some studies use
classical algorithms such as Support Vector Machine (SVM)
[16], Decision Tree (DT) [17], and K-Nearest Neighbor (KNN)
to classify traffic [18]. For example, a study by authors in [19]
using Bayesian neural networks for network traffic

classification based on flow-level statistics demonstrated
improved accuracy compared to traditional port number-based
methods. However, this research was limited to single-label
classification. Subsequently, multi-label approaches have been
introduced in the context of network traffic. Previous research
has highlighted the importance of multi-label learning in the
computer networking domain, given the multifunctional nature
of many modern applications. Subsequently, deep learning
began to be widely used for network traffic classification.
Models such as Convolutional Neural Networks (CNNs),
Recurrent Neural Networks (RNNs), and Long Short-Term
Memory (LSTM) have proven capable of capturing complex
patterns in traffic data [20-22]. For example, authors in [23]
used CNNs for encrypted traffic classification and obtained
more accurate results than traditional machine learning
methods. Thus, it can be concluded that there is a clear research
gap. Although there has been research on load balancing and
traffic classification with deep learning, the integration of the
two in the form of multi-label classification for optimizing load
balancing in distributed computing systems is still relatively
limited. This gap is the main motivation for this research.

To address the problems outlined, an integrative approach
is needed that combines multi-label network traffic
classification with deep learning-based load balancing
optimization. This solution is expected to provide the system
with more accurate traffic classification capabilities. In this
research, a deep learning algorithm is the primary approach due
to its ability to handle high-dimensional data, automatically
extract features, and recognize complex nonlinear patterns [24,
25]. This research uses an RNN algorithm and techniques from
the multi-label classification framework, and then integrates
them with a load balancing mechanism. The multi-label
classification results from deep learning will serve as input for
an adaptive load balancing algorithm. One option is to integrate
it with Deep Reinforcement Learning (DRL) so the system can
learn from interactions with the environment and continuously
optimize load distribution.

Based on the above description, it is concluded that
optimizing load balancing in distributed computing systems is
an urgent need due to the increasing complexity of modern
network traffic, which is heterogeneous, dynamic, and often
has more than one characteristic simultaneously. Traditional
approaches have proven unable to effectively address these
challenges, necessitating new, more adaptive, and intelligent
solutions. The integration of deep learning-based multi-label
classification of network traffic with a load balancing
mechanism offers a promising direction, as it can capture
complex patterns, minimize load imbalance, and improve
overall service quality. Thus, this research is expected to
provide not only theoretical contributions in the development
of multi-label classification and load balancing methods, but
also practical contributions in supporting the performance of
more efficient, reliable, and sustainable distributed computing
systems in an increasingly connected digital era.

II. LOAD BALANCING PERFORMANCE

Load balancing performance in distributed computing
systems can be measured through several mathematical
parameters that represent efficiency, distribution fairness, and
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quality of service. In general, the workload allocated to each
node i with capacity C;is formulated as:

L :ijX,.j (D
J

where w; represents the weight or size of the task j, and Xj; is a
binary variable that equals one if task j is placed on node i.
From here, node utilization is calculated as:

u="L /Ci @

where C; is the maximum capacity of the node. Load balance
can be assessed through the standard deviation of utilization
according to the following equation:

o, =\/%Zﬁl(u,~ —i ) 3)

This concept aligns with Jain's Fairness Index (JFI), which
is used to assess the level of distributional fairness, with a value
range of O to 1. As the standard deviation approaches zero, the
JFI value approaches one, indicating a highly fair distribution.
This is expressed in (4) for JFI and in (5) for the imbalance
factor:

)

F==" “

N oo
N E U
=11

max, ¥, —min, u,

B 5)

u+e
System performance parameters also include throughput,
given by (6):
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The average response time is given in (7):
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In addition, the network QoS is assessed based on the
average latency:
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In the context of this research, each traffic flow j is
predicted by the deep learning model as a multi-label vector

I?j :Dﬂ,ﬁzﬂ,...,f}m}, where each element y, expresses the
probability that task j meets the class-of-service k. The results
of this multi-label classification are used as a reference in
determining load balancing decisions.

Based on this formulation, the load balancing problem can
be viewed as a multi-objective optimization problem with
objective functions to minimize the average response time,
makespan, utilization deviation, Service Level Agreement
(SLA) violation rate, packet loss, energy consumption, and

migration overhead, while still considering capacity and QoS
constraints. The general form of the weighted objective
function can be expressed in (9):

L
P

m,0

min J(x)=) o, ©

where P,, represents each performance metric, P, represents
its normalization value, and w, represents its preference
weight.

This mathematical formulation provides a comprehensive
framework for evaluating and optimizing the performance of
multi-label classification-based load balancing of network
traffic using deep learning.

This study uses an RNN algorithm because network traffic
is generally sequential and has temporal correlation. RNNs,
particularly the LSTM variant, are capable of modeling long-
term dependencies of incoming traffic patterns, resulting in
more accurate predictions than feedforward-based models. This
multi-label classification process is optimized using the binary
cross-entropy loss function shown in (10):

1 L N A N
ZZ[y,k 10g Vi +( _yjk)log(l - yjk)] (10)

Ly O)=—1—
D%

with yy representing the ground truth labels. With this
framework, each traffic is not only classified into a single
category but can have more than one label; for example, traffic
that is both latency-sensitive and requires high bandwidth.

The results of the multi-label classification are then
integrated into an adaptive load balancing mechanism.
Mathematically, the decision on placing task j on nodes i can
be formulated in (11):

X, =arg I}gvn {nﬁj (@) +n,u; +1,1isk (i)} 11

with Dj(i) representing an estimate of the latency if the task j is
placed on node i, u; is the utilization of node i, and riskj(i)
representing the SLA violation penalty based on the
classification result labels.

To strengthen the decision-making mechanism, this study
considers integration with DRL. In this framework, the multi-
label classification results from the RNN serve as the state
representation, whereas the traffic allocation decisions on
nodes become actions. The reward function is designed based
on a combination of performance metrics, such as high
throughput, balanced utilization, minimized response time, and
low SLA violation rates. Through an iterative process of
exploration and exploitation, DRL algorithms such as the Deep
Q-Network (DQN) can learn from interactions with the
environment to find optimal load balancing policies. In this
way, the system is capable of not only performing static,
classification-based load balancing but also continuously
adapting to changing traffic dynamics and node conditions.

With this formulation, this study provides a complete
framework for optimizing load balancing through multi-label
classification of network traffic using deep learning. The use of
RNN enables sequential pattern recognition of traffic, the
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multi-label classification framework provides a comprehensive
understanding of traffic characteristics, whereas integration
with load balancing mechanisms and DRL ensures adaptive,
intelligent, and sustainable load distribution. Thus, this
approach is expected to overcome the limitations of traditional
methods while improving the efficiency and reliability of
modern distributed computing systems.

III. RESEARCH METHODOLOGY

This research methodology is designed to integrate a deep
learning-based approach with an adaptive load balancing
mechanism in a distributed computing system. The research
phase begins with the collection and preprocessing of network
traffic data, including temporal parameters, task arrival
patterns, and QoS characteristics such as latency, throughput,
and bandwidth requirements. The data are then modeled
sequentially and processed using an RNN, specifically an
LSTM architecture, to predict traffic patterns and generate
relevant feature representations. Furthermore, a multi-label
classification framework is used to categorize traffic into more
than one label, such as latency-sensitive, bandwidth-intensive,
and SLA-critical, resulting in more comprehensive information
than a single classification. The results of this multi-label
classification serve as input for the adaptively designed load
balancing mechanism. The research architecture is shown in
Figure 1.
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Fig. 1. Research architecture of data processing and load balancing.

Figure 1 illustrates the architecture of the data analysis
process, including its utilization in an artificial intelligence-
based load balancing mechanism. The steps in this research
architecture are as follows:

e The dataset used in this study is sourced from the research
in [26], which was originally taken from [27]. The dataset
consists of 13 features, each accompanied by an
explanation of the parameters that represent important
characteristics of a network traffic flow. The Source.IP
indicates the originating IP address that initiates
communication, whereas the Destination.Port indicates the
destination service port. Flow.duration describes the

duration of a data flow. Total.Fwd.Packets and
Total.Backward.Packets measure the number of packets
sent from source to destination and vice versa, respectively,
thus providing an overview of the direction of traffic
dominance. Flow.Bytes.s indicates the data transfer rate in
bytes per second, which helps to understand traffic
intensity. Inter-packet time statistical parameters such as
FlowIAT.Mean and Flow.IAT.Std reflect the overall
packet delivery delay pattern, whereas Fwd.IAT.Mean and
Fwd.IAT.Std describe the packet delay characteristics in the
forward direction only. In addition, Fwd.Packets.s and
Bwd.Packets.s assess the packet delivery speed in each flow
direction. Finally, Average.Packet.Size provides the
average size of packets in a flow, which can be used to
detect anomalies or certain traffic patterns.

e Feature extraction was then performed using an RNN.
RNNs play a crucial role in extracting temporal or
sequential information from the data, such as CPU
utilization, RAM usage, disk usage, CPU load, and
bandwidth.

e After feature extraction, multi-label classification is applied
to the extracted features, where each data sample can
belong to more than one category. These categories include
traffic characteristics, QoS metrics, service priority
categories, and contextual information. This multi-label
classification process is crucial because network or system
conditions often have multiple interrelated attributes. Next,
the results of the multi-label classification are used as input
for the load balancing mechanism. This mechanism
receives the parameters generated from the classification
and applies them to the load balancing algorithm to
optimize load distribution across the network or computing
system. The final stage is model evaluation, which assesses
the effectiveness of the load balancing mechanism in
improving system performance, both in terms of efficiency,
speed, and service stability.

A. Dataset

This research uses the dataset contained in the study by
authors in [26], which was originally taken from [27]. This
dataset is derived from TCP/UDP traffic and contains 87
features. However, this study only uses 13 parameters for
training and testing the model, as shown in Table I.

TABLE L SELECTED DATASET PARAMETERS
No. Parameter
1 Source.IP
2 Destination.Port
3 Flow.duration
4 Total.Fwd.Packets
5 Total.Backward.Packets
6 Flow.Bytes.s
7 Flow.JAT.Mean
8 Flow.IAT.Std
9 Fwd.JAT.Mean
10 Fwd.IAT.Std
11 Fwd.Packets.s
12 Bwd.Packets.s
13 Average.Packet.Size
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IV. SIMULATION RESULTS

This section presents the results of implementing a deep
learning-based multi-label network traffic classification method
integrated with a load balancing mechanism in a distributed
computing system. Following the design phase of the research
methodology, this section aims to demonstrate the performance
of the proposed system under experimental conditions that
mimic a real-world environment. The simulation process is
carried out in stages, starting with traffic data processing,
feature extraction with an RNN, and then implementing a
multi-label classification framework. The classification results
are then used as input for a load balancing mechanism
combined with an adaptive approach, even integrating with
DRL to optimize load distribution decisions dynamically. A
comparison between static and adaptive load distribution is
shown in Figure 2.

Server Load Distribution: Static vs Adaptive Load Balancing
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Fig. 2. Server load distribution before and after adaptive load balancing.

The figure illustrates a bar graph comparing the server load
distribution before and after load balancing. The X-axis shows
the four servers used, Server-1 to Server-4, whereas the Y-axis
shows the number of requests received in requests per second.
The blue bars represent the server load conditions before load
balancing, whereas the orange bars represent the conditions
after load balancing is implemented. The graph shows that
before load balancing, the load between servers is uneven; for
example, Server-3 receives a very high load above 140
requests/s, whereas Server-2 and Server-4 remain below 110
requests/s. After load balancing, the load on each server
becomes more balanced, with values converging toward a
similar average. This result indicates that the implementation of
load balancing, especially the adaptive approach, successfully
reduces the load imbalance between servers, resulting in more
stable and efficient system performance. After applying load
balancing, the training accuracy is evaluated using an RNN
with an LSTM architecture.

Figure 3 displays two graphs depicting the results of
training a multi-label RNN model based on the loss and Area
Under the Curve (AUC) metrics for both the training and
validation data. Figure 3(a) shows the comparison between the
training loss and validation loss over 20 epochs. It can be seen
that the loss values in both datasets tend to decrease as the

number of epochs increases, indicating that the model is
increasingly able to minimize prediction errors. Initially, the
validation loss is higher than the training loss, but both
continue to decrease consistently and approach lower values at
the end of training, indicating no significant overfitting.
Meanwhile, Figure 3(b) illustrates the AUC trends for training
and validation. The AUC values in both datasets gradually
increase from around 0.5 to nearly 0.95, indicating that the
model's ability to distinguish between classes is improving. The
similarity in the pattern of increase between the training AUC
and validation AUC indicates good generalization, thus it can
be concluded that the multi-label RNN was trained effectively
with stable performance. After determining accuracy using the
AUC metric, the model is further evaluated using confusion
matrices.

Training vs Validation Loss (RNN Multilabel)

—— Train Loss
~— Validation Loss

1.2

10

0.8
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Training vs Validation AUC (RNN Multilabel)

0.95 — Train AUC
—— Validation AUC
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0.85
0.80

S
z 0.75
0.70
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0.55
0.0 28 5.0 75 10.0 12.5 15.0 17.5
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(b)

Fig. 3. Training performance of the multi-label RNN model: (a) training
and validation loss, (b) training and validation AUC.

Figure 4 displays three confusion matrices used to evaluate
the performance of the classification model for three types of
network traffic: Video Streaming, VoIP, and Web Traffic. In
the Video Streaming confusion matrix, the model was able to
correctly classify 23 class-0 data and 21 class-1 data, but errors
still occurred, with 29 class-0 data being incorrectly predicted
as class-1 and 27 class-1 data being incorrectly predicted as
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class-0, indicating a relatively high error rate. In the VoIP
confusion matrix, the model successfully recognized 31 class-0
data and 18 class-1 data correctly, but there were 33 class-0
data that were incorrectly predicted as class-1 and 18 class-1
data that were incorrectly predicted as class-0, showing that
performance is balanced but the false-positive rate remains
high. In the Web Traffic confusion matrix, the model was able
to classify 20 class-0 data and 31 class-1 data correctly, but
there were still 27 class-0 data that were incorrectly predicted
as class-1 and 22 class-1 data that were incorrectly predicted as
class-0. After forming the multi-label model, it is applied to
load balancing with DRL, and the resulting rewards are shown
in Figure 5.

Confusion Matrix - Video Streamin Confusion Matrix - Web Traffic

) i - ) I‘:
s [
2 2
< <
- 20 40 - 21 22
0 1 0 1
Predicted Predicted
Confusion Matrix - VolP
=} 25 18
©
2
<
=~ 33 24
0 1
Predicted
Fig. 4. Confusion matrices for evaluating the multi-label classification

model on Video Streaming, VoIP, and Web Traffic.

DRL Reward for Adaptive Load Balancing

259

204

15 4

10 4

Cumulative Reward

Step

Fig. 5. DRL reward progression for adaptive load balancing.

Figure 5 shows the results of a reward simulation using
DRL for adaptive load balancing, where the X-axis represents
the number of steps and the Y-axis shows the cumulative
reward. The graph shows that the reward increases consistently
from around 0.5 at the initial step to nearly 25 at the 50-th step.
The increase tends to be linear, for example, at the 10-th step
the reward is around 5, at the 20-th step it increases to around
10, then continues to rise to 15 at the 30-th step, 20 at the 40-th
step, and approaches 25 at the 50-th step. This steady growth
trend indicates that the DRL agent is able to learn and adapt
well, making the applied load balancing strategy more optimal
as the training steps increase. The absence of sharp drops or
large fluctuations in the curve also indicates that the learning
process is effective and consistent.

The Receiver Operating Characteristic (ROC) curves for
the three traffic types (Video Streaming, VoIP, and Web
Traffic) are shown in Figure 6. The X-axis shows the False
Positive Rate (FPR) and the Y-axis shows the True Positive
Rate (TPR). The dotted diagonal line represents the baseline of
the random model with an AUC of 0.5. The results show that
Video Streaming achieves an AUC of 0.53, slightly better than
the baseline, indicating that the model has limited predictive
ability but is still better than random guessing. In contrast,
VoIP only achieves an AUC of 0.46, indicating that its
performance is slightly below random and therefore cannot
predict well. Meanwhile, Web Traffic has the lowest AUC
value, 0.37, indicating very poor classification performance
because its predictions are more often wrong than correct.

ROC Curve per Label

1.0 4 — Video Streaming (AUC=0.53)
— VoIP (AUC=0.46)
—— Web Traffic (AUC=0.37)

0.8 1

0.6

True Positive Rate

0.4 1

0.2 1

0.0 1

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Fig. 6. ROC curves for multi-label network traffic classification.
Figure 7 shows the precision-recall curves for the three
traffic categories. The horizontal axis represents recall, which
indicates the extent to which the model is able to find true
positive data, whereas the vertical axis represents the precision,
which describes the accuracy of the positive predictions
produced by the model. The graph shows that the VoIP curve
(orange line) has better stability with relatively high precision
compared to the other two labels, especially when recall
increases to near 1. The Video Streaming curve (blue line)
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shows fluctuating variations but tends to maintain a precision
of around 0.4-0.6 at medium recall. Meanwhile, Web Traffic
(green line) has the lowest precision, generally in the range of
0.3-0.4, although at low recall it can reach quite high precision
values.

Precision-Recall Curve per Label

1.0 4 —— Video Streaming
— VoIP
—— Web Traffic

0.8

Precision
(=
o
)

o
IS

0.2

0.0

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Fig. 7. Precision—recall ~curves for multi-label network traffic

classification.

Figures 8 and 9 show a comparison of the system
performance before and after adaptive load balancing using
throughput and latency metrics. In Figure 8, the horizontal axis
shows the test time in seconds, whereas the vertical axis shows
the throughput in requests per second. It can be seen that the
system before load balancing had lower throughput, generally
in the range of 85-115 requests/s, and exhibited quite sharp
fluctuations. Conversely, after adaptive load balancing,
throughput increased significantly, averaging above 120
requests/s to nearly 150 requests/s, indicating that this
mechanism was able to consistently increase request processing
capacity. Figure 9 shows a comparison of latency in
milliseconds against time. Before load balancing, latency was
relatively high, often in the range of 95-120 ms. However,
after adaptive load balancing, latency values dropped
dramatically and stabilized at around 65-95 ms. This indicates
that the system is more responsive after adaptive load
balancing.

Throughput Comparison: Static vs Adaptive Load Balancing

150 § | 1 —e— Before LB

- After LB
140

130

120

Throughput (Requests/s)

25 5.0 75 10.0 12.5 15.0 17.5 20.0
Time (s)

Fig. 8. Throughput before and after adaptive load balancing.

Latency Comparison: Static vs Adaptive Load Balancing
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Fig. 9. Latency before and after adaptive load balancing.

V. CONCLUSION

The application of a deep learning-based multi-label
classification method integrated with an adaptive load
balancing mechanism in a distributed computing system
significantly improves system performance. The classification
process using a Recurrent Neural Network (RNN) with a Long
Short-Term Memory (LSTM) architecture, demonstrates stable
training performance without overfitting, achieving an Area
Under the Curve (AUC) value approaching 0.95 on both
training and validation data. The evaluation using confusion
matrices indicates that the model still produces a number of
classification errors, particularly for Video Streaming and Web
Traffic, although performance for VoIP traffic is relatively
better. The integration with Deep Reinforcement Learning
(DRL) proved effective, as the reward increased consistently,
indicating that the agent can learn and adapt in optimizing load
distribution. However, the Receiver Operating Characteristic
(ROC) curve results show that classification performance still
varies between traffic types, with VoIP and Web Traffic
exhibiting lower AUCs than Video Streaming. In terms of
network performance, adaptive load balancing successfully
balances the load distribution between servers, increasing the
average throughput from around 85-115 requests/s to 120-150
requests/s and reducing latency from around 95-120 ms to 65—
95 ms. Overall, this approach positively impacts the efficiency,
stability, and responsiveness of the system, although there is
still room for improvement, especially in the classification
accuracy of certain traffic types.

This research introduces significant novelty in both
methodology and application in the context of distributed
computing systems. Most previous research in the field of
network load balancing optimization has focused on heuristic
and metaheuristic approaches, such as Genetic Algorithms
(GAs), Particle Swarm Optimization (PSO), or Ant Colony
Optimization (ACO). In contrast, this study presents a multi-
label classification-based approach using deep learning,
allowing the system to simultaneously recognize various
network performance dimensions, including throughput,
latency, jitter, and packet loss. The approach provides
enhanced adaptive capabilities because the model is trained
using a rich and varied network traffic dataset, thus being able
to adjust the load balancing strategy based on actual network
conditions.

Future directions for expanding this work could focus on
several strategic developments relevant to advances in network
technology and artificial intelligence. First, integrating deep
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learning models

with hybrid optimization algorithms,

combining adaptive learning approaches with bio-inspired
methods such as DRL with PSO or GAs, could further improve
prediction accuracy and system stability under highly dynamic
traffic conditions. Second, the study could be expanded to real-
time edge and cloud computing environments, testing multi-

label

classification models against ultra-low latency

requirements and large-scale data spread across multiple
network nodes. Third, future directions could also include
exploring more efficient neural network architectures, such as
Graph Neural Networks (GNN) or Transformer-based models,
which are capable of understanding topological relationships
between nodes and temporal dependencies in network traffic.
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