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Abstract

The progress of Internet technology makes the network
security problem increasingly prominent. Traditional net-
work security protection measures are no longer able to
cope with complex and ever-changing network attacks,
resulting in high security risks. Therefore, this study
proposes a network security level protection evaluation
model based on a large language model and cluster anal-
ysis. This model collects data from large language mod-
els and uses clustering analysis algorithms for analysis.
In response to the problems with clustering analysis al-
gorithms, relative entropy is introduced to improve them
and enhance the performance of the model. The results
indicated that when the dataset size reached 1000, the ac-
curacy of the restricted Boltzmann machine was 0.98, and
the contrast divergence was 0.21. The proposed model,
based on improved clustering analysis, achieved recogni-
tion accuracies of 82.1%, 79.6%, 85.5%, and 88.8% for four
different types of data. The experiment validates that
the designed restricted Boltzmann machine has outstand-
ing data processing capabilities, and the network secu-
rity level protection model based on improved clustering
analysis has excellent recognition performance. Research
methods help promote the development of network secu-
rity technology and enhance the overall protection level
of information systems.

Keywords: Cluster Analysis; KL Distance; Network Se-
curity; Restricted Boltzmann Machine

1 Introduction

The network security level protection (NSLP) system is
an important regulatory and standard system established
to enhance the level of information system security pro-
tection. Its core goal is to ensure that the system can
receive corresponding security protection at different se-
curity levels by classifying and evaluating the safety level

of the information system [16]. However, the progress of
information technique and the increasing complexity of
network threats has made traditional security level pro-
tection assessment methods be inadequate when facing
massive data and diverse attack methods |17]. However,
the promotion of clustering analysis (CA) technology has
solved this problem.

This technology performs well in processing unstruc-
tured data and discovering the intrinsic structure of data,
effectively assisting in deep level data mining and pat-
tern recognition. This study develops a network secu-
rity level protection evaluation (NSLPE) model based on
large language model (LLM) and CA. The model collects
data through LLM, processes the collected data through
restricted Boltzmann machine (RBM), and finally evalu-
ates the data through CA. The research targets to lift the
accuracy and effectiveness of security assessments, and
provide new technical support for network security pro-
tection.

The research content mainly has four sections. Sec-
tion 1 is a review of other scholars’ research on network
security topics. Section 2 is a brief description of the
main methods used in this study. Section 3 is the model
results obtained through the application of methods and
the analysis of the results. Section 4 is a summary of all
the above studies and prospects for future research.

2 Related Works

With the popularization and continuous expansion of the
internet, network security has become increasingly im-
portant. Mohammed AB et al. proposed a counterattack
strategy based on intelligent methods and diversified tech-
nologies to address security vulnerabilities and attacks
in unmanned aerial vehicles (UAVs) and their networks.
This strategy delved into the complexity of counterattack
strategies, algorithm fusion, and integration with machine
learning languages. These strategies could effectively en-
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hance the security of UAV systems and provide important
references for the development of UAV security technol-
ogy in the future [13]. Computing C M proposed an image
encryption algorithm based on optical information pro-
cessing technology to meet the secure transmission needs
of massive data and information in the information age.
It achieved encryption by combining fractional Fourier
transform and Arnold transform. This algorithm demon-
strated good encryption and decryption performance in
MATLAB simulation, providing new ideas for the field
of image encryption [3]. Wang Y et al. designed a detec-
tion method based on outlier analysis to enhance network
security protection, transforming intrusion detection into
outlier recognition in network behavior datasets. This
method efficiently identified outliers in simulation experi-
ments, demonstrated excellent clustering ability, and had
unique advantages compared to other schemes, as it did
not require a training process |20]. Hang F et al. con-
structed a universal hybrid two-stage fusion model for
network security situation. This model focused on study-
ing diverse heterogeneous sensors to identify security risks
that posed a threat to network systems, and had adapt-
ability in corresponding network scenarios [7].

Das et al. developed the Lévy-Cauchy arithmetic op-
timization algorithm to handle the local optima in image
segmentation caused by the rough K-means clustering al-
gorithm (K-means). This method balanced exploration
and development through Levy flight and Cauchy dis-
tribution, and introduced adversarial learning to main-
tain an effective population. This method outperformed
other clustering algorithms in processing traditional color
images, pathological images, and leaf images, achiev-
ing higher feature similarity index values [4]. Heng-
dong et al. proposed a new semi-supervised fuzzy K-
means method to improve the performance and stability
of unsupervised fuzzy K-means, which utilized annotated
label information through dynamic adjustment and la-
bel discrimination. This method not only achieved the
best performance, but also effectively reduced the impact
of data noise, significantly better than traditional semi-
supervised clustering methods [§]. Kodge et al. proposed
a system based on K-means to deal with the problem
of snow melting in the the Himalayas caused by global
warming. The system used high-resolution snow satellite
photos to extract snow cover area. Through the analy-
sis of time series satellite images from 1984 to 2022, the
change trend of snow cover in the the Himalayas was re-
vealed, which provided an important reference for formu-
lating relevant coping strategies [9]. Lim et al. proposed
a method based on K-means to achieve instance segmen-
tation under unsupervised conditions, which generates in-
stance level pseudo object masks from unlabeled images
through self supervised converters and cosine distance K-
means. This model achieved excellent performance in un-
supervised class agnostic instance segmentation tasks, sig-
nificantly outperforming concurrent work on the COCO
dataset, and successfully extended to tasks like unsuper-
vised object detection [11].

In summary, the aforementioned methods still have the
problem of insufficient consideration of the complexity of
the actual network environment. Image encryption al-
gorithms are challenging to adapt to the encryption re-
quirements of dynamic network traffic. Furthermore, the
adaptability of outlier analysis to novel attacks is lim-
ited, and its reliance on a substantial amount of labeled
data is a significant drawback. The hybrid two-stage fu-
sion model has real-time limitations. Levy-Cauchy algo-
rithm is difficult to apply directly to network security.
Semi-supervised fuzzy K-means is less efficient on large
network data. Unsupervised object detection is excellent
for instance segmentation tasks, but needs to be adapted
to network security needs. To address these shortcom-
ings, this study proposes a comprehensive method that
combines a LLM and improved cluster analysis, and uses
RBM to reduce and classify large data to improve the
accuracy and efficiency of anomaly detection. The im-
proved K-medoids-KL algorithm optimizes the cluster
center (CC) selection process, solves the local optimal
problem of the traditional method, and has better adapt-
ability, especially in the context of diverse data types and
dimensions.

3 Methods

The first section addresses the issue of difficulty in col-
lecting network data, using LLM to collect it and process-
ing the collected data through RBM. The second section
addresses the issues with K-means and improves the se-
lection of its clustering centers by proposing K-medoids,
which are then improved using KL.

3.1 NSLP Data Processing Model Based
on RBM Algorithm

NSLP aims to strengthen the security protection of in-
formation systems, standardize the standards and man-
agement methods for computer system security construc-
tion and use in accordance with laws, regulations, and
technical standards. This system aims to safeguard na-
tional information security, protect the legitimate rights
and interests of citizens, legal persons, and other organi-
zations, and maintain national security and social pub-
lic interests |10]. According to the security threats and
importance faced by different information systems, the
security assessment divides information systems into five
levels. Each level has corresponding security protection
requirements and technical standards. Evaluators need
to conduct a comprehensive evaluation of the information
system based on these standards to determine whether
it meets the requirements of the corresponding level. Its
structure is shown in Figure

In Figure |[IJ NSLPE mainly includes security control
evaluation and overall system evaluation. Among them,
the former includes security technology evaluation and se-
curity management evaluation. The latter includes secu-
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Figure 1: Level evaluation of information system

rity control rooms, security level rooms, and security area
rooms. Security technology assessment mainly evaluates
the security control measures implemented by informa-
tion systems at the technical level. Security management
evaluation mainly evaluates the security control measures
implemented by information systems at the management
level. The security control room evaluates the coordi-
nation and coordination between various security control
measures to ensure that each control item can effectively
work together @ Security level rooms evaluate the pro-
tective measures between different security levels of infor-
mation systems, ensuring that the system has appropriate
security protection from the underlying hardware to the
application layer. The security domain room evaluates
the protective measures and isolation strategies between
different security domains of the information system, en-
suring that each domain of the system can be effectively
isolated and protected from attack.

Through systematic grading and filing, security
construction rectification, self-examination and self-
evaluation, third-party evaluation, supervision and con-
tinuous improvement, enterprises can effectively ensure
network security and ensure that the protection capabil-
ity of information systems meets the corresponding level
requirements. The evaluation process will generate plenty
of data through LLM, so it is required to analyze a large
amount of data. This study uses RBM for data learn-
ing, dimensionality reduction, and classification opera-
tions. The core concept of RBM is to improve and opti-
mize the traditional Boltzmann machine (BM) to achieve
more efficient training and prediction. Figure[2]shows the
structure of BM model and RBM model.

In Figure 2 BM is a neural network model contain-
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Figure 2: Network structure diagram of BM and RBM
models

ing visible layer (VL) and hidden layer (HL). Its pri-
mary role of the HL is to extract hidden information from
the sample dataset, while for the VL is to reduce input
costs. However, the existence of this relationship makes
the training process of the BM model more difficult and
the efficiency is not ideal . Therefore, the BM model
will be improved and the RBM model will be proposed.
RBM is based on BM, except for the connections between
neurons in the HL and VL. Through this modification, the
training efficiency of the model can be greatly improved
and the training time can be reduced. Assuming there are
n and m are VL neurons and HL neurons in RBM. For
known HL and VL states, the energy formula of RBM is

Equation .

z:av2 th —ZZUiWijhj (1)

i=1 j=1

E(v,h|0) =

In Equation , v and a are the state vectors and bias
vectors of the VL. h and b are the state vectors and bias
vectors of the HL. 7 and j are the i-th and j-th neurons
in the VL and HL. W;; is the connection weight between
the j-th neuron in the HL: and the i-th neuron in the VL
[2,[15]. By using the energy formula of RBM, the state of
the VL is v. The joint distribution probability of the HL
state h is Equation .

ie_EO(th)
2

Py(v, h) = (2)

In Equation , zp is the normalization factor. Due to
the fact that neurons in the HL, and VL are not intercon-
nected in the RBM model. The activation probabilities
of neurons in the VL and HL are shown in Equation .

{ Py(vi = 11h, 0) :U(az“FZ;n:l Wijhj) (3)
Py(hj =11h, 0) = o(bi + 32,2, Wijv;)

In Equation , h; and v; are the states of the j-th and
i-th neurons in the HL and VL. ¢ is the Sigmoid function.
To better apply the RBM model to data processing sys-
tems, the RBM model is improved as shown in Figure
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Figure 3: Network structure of improved RBM model

In Figure [3] softmax units are used to replace the VL
units in RBM. When users rate the security level, the
corresponding VL units are connected to the HL units.
When the user does not rate the security level, missing
units are used instead, and the VL units are not related
to the HL units . According to the energy formula of
the RBM model, an improved formula can be obtained as
shown in Equation .

(4)

In Equation , a¥ and b; are biases between the VL

and HL. v¥ is the user’s rating of security level i as k.

The activation probabilities of neurons in the VL and HL
of the improved model are shown in Equation .

k_ _exp(af+3X7L, Whky)
P(vi =1 |h7 9) - Zle exp(af+lz;":1 hj) (5)

P(hj=1v,0) = o(bj + S0, S, ofWE)

)

In Equation , h; and vF are the states of the HL
and VL. The performance of the model is evaluated by
predicting and scoring it, and its prediction method is

Equation @
K
Ry =) kPy(vf =1[V,0)
k=1

(6)

In Equation @, 6 = {W, a, b} represents the connec-
tion weight, VL bias, and HL bias of the model, respec-
tively. By improving the RBM model to analyze the data
generated during the evaluation process, the subsequent
training effect of the model can be better.

3.2 CA-based NSLPE Model

CA is an unsupervised learning method taken to divide
a dataset into multiple groups, so that the similarity of
data points within the same group is as high as possible,
while that between different groups is as low as possi-
ble . Among numerous clustering algorithms, K-means
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Figure 5: K-medoids clustering algorithm flow

is the most classic, which has the advantages of easy im-
plementation and good clustering performance. Figure [4]
shows the main process of K-means.

In Figure {4}, classify data objects into several various

i categories at first, and select an initial center from the

category at random to calculate the distance from the
data mentioned. Each classification object is assigned to
the nearest center, and then the CC is calculated and
re-assigned. Repeating these steps until the clustering re-
sults stops changing . In K-means, Euclidean distance
is commonly used as the distance measure between data
points and CCs, as expressed in Equation .

d(xi, pj) = (Tix — pjr)?

In Equation , x; is the data point, ;1; is the CC, and
n is the dimension of the data point. For each cluster, the
mean of all data points is calculated as the new CC, as
shown in Equation .

1
szm Z%

a:iECj

(8)

In Equation , C; is the set of all data points in
the j-th cluster, and |C;| is the number of data points
in that cluster. However, the selection of initial CCs in
K-means has a significant impact on the final clustering
results, leading to local optima. Therefore, improvements
are made to K-means and an NSLPE model based on
K-medoids is proposed. Figure |5 shows the clustering
process of the K-medoids algorithm.

In Figure [5, the data are classified into several distinc-
tive types to choose original center from each category.
Calculating them, and then each classified data is sepa-
rated into the closest initial center [12,[21]. Then, given
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the classification, the CC of each cluster is re-calculated
and redivided. These steps are repeated till stopping
changing clustering results. To optimize the K-medoids
performance, this study introduces KL distance to en-
hance it. The improved algorithm is divided into two
stages, namely searching for CCs and generating cluster-
ing results. The search for CCs is Equation @D

Y. DG (9)

JEN\{i}

C7 = argmin
i€EN

In Equation @, 1 is the CC, j is a single data, and
C is the first CC. Firstly, randomly to select a center
and calculate its KL distance from other data. Then, the
sum of KL distances of all data and the data with the
minimum value are established as the first CC, and the
remaining CCs are found as shown in Equation .

[DEC(i)]
i€EN\{C1,C2,,Cr_1}

C), = argmax 2<n<k (10)

Equation represents all CCs except for the first
CC. Firstly, non-central data is specified to temporary
clustering center (TCC), and the KL distance between
each data and the TCC is calculated. If the calculated
distance of KL< distance within data and CC, the data
is assigned to a temporary CC [5]. The contribution of
data to the TCC is Equation .

(11

~—

max [o,r}__ifl(D’(j ICy)) — (D'(j i) ]

For Equation , n—11s the amount of CCs. The con-
tribution degree between other non-central data and other
data can be obtained through Equation as shown in

Equation .

DEC(i) =

>

n—1
w0, 588(D/ (5 1C0) ~ D/ )
JEN\{i,C}
(12)
In Equation , DEC(i) is the gross of contributions,
and multiple CCs are able to chose in the same way. Sim-
ilar rating data can be assigned to the same cluster by
the CC, and the target data can be directly searched for
the same nearest neighbor data center within the cluster.
Assuming the cluster containing the target data i is Cj,
the distance between rating of ¢ and other data in the
cluster could be calculated using the KL distance. The
data rating with the minimum KL distance is selected as
the nearest neighbor combination of data i, as shown in

Equation .
ZjECneii SimKL(.jai) . (’Fj - 'FCneii)

ZjECnei,; simpr(j,1)

In Equation 7 Chnei; is the nearest neighbor set.
7, 18 the mean rating of all levels that have been graded.
Tcmei; 18 the average score obtained by rating all data
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Figure 6: NSLPE process based on K-medoids

in the Cnei;. 7; is the average rating of the data. The
calculation formula for simg(j, ) is Equation (T4).

1

ST DG/ (4

simKL (j, ’L)

From Equation (14), simg(j,4) is the similarity be-
tween data rating j and data rating i. According to the
data rating obtained from analysis, the data without rat-
ing is rated to achieve the rating of network security level.
The final model structure is Figure [0}

In Figure [6] the KL distance between each rating data
is first calculated, and then CA is performed to deter-
mine the similarity for classification. Then, a single CC
is selected, and other CCs are calculated. Finally, the
contribution degree is calculated to obtain the network
security rating of each model.

4 Results

In the first section, to verify the network data process-
ing capability of the RBM algorithm, accuracy and con-
trastive divergence are used as reference indicators to an-
alyze the comprehensive performance of the model. In
the second section, to validate the performance of the K-
medoids-KL model, accuracy, false alarm rate (FAR), and
clustering performance are used to evaluate the model’s
performance.

4.1 Performance Analysis of Data Pro-
cessing Model Based on RBM Algo-
rithm

The hardware configuration includes an Intel Core i5-
12600KF CPU, NVIDIA Geforce RTX4080 GPU, 16GB
of VRAM, and 64GB of RAM. The dataset adopts the
NSL-KDD public dataset, which contains network con-
nection records from real network environments, covering
normal network traffic and various types of network at-
tacks. In this dataset, each network connection record has
a clear label indicating whether the connection is normal
or belongs to a specific type of attack. The generative
adversarial network (GAN) is introduced and compared
with the research model. Accuracy and contrast diver-
gence are utilized as reference indicators and tested sep-
arately, as shown in Figure [7]

Figure[7[a) and (b) show the accuracy and contrast di-
vergence of each model under two dataset sizes. In 7 (a),
as the training set grows, the accuracy of each model con-
tinues to improve. When the dataset size reaches 1000,
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the accuracy of GAN, BM, and RBM are 0.78, 0.82, and
0.98, respectively. In Figure m(b), as the training set in-
creases, the contrast divergence of each model decreases.
When the dataset size is 1000, the contrast divergence of
GAN, BM, and RBM is 0.34, 0.29, and 0.21. The data
shows that the RBM model not only exhibits excellent ac-
curacy, but also performs well in contrast to divergence.
The processing time of the model is compared using dif-
ferent types of network security threats, as shown in Fig-
ure

Figure a) compares the recognition time of differ-
ent models after training on different training sets. Fig-
ure b) shows the recognition time of different models in
validation sets of different sizes. In Figure a), when the
training set is small, the recognition time of each model is
longer, and when the training set is large, the recognition
time of each model is significantly reduced. When the
training set size is 1000, the recognition time of GAN,
BM, and RBM is 442ms, 378ms, and 342ms. In Fig-
ure b), when the validation set size is small, the recog-
nition time of each model is shorter. However, as the
validation set size increases, the recognition time of each
model also increases. When the validation set size is 500,
the recognition times of GAN, BM, and RBM are 804ms,
621ms, and 514ms. This indicates that the RBM model
has higher efficiency compared to the other two models.
Table [1| presents a comprehensive performance compari-
son of various models.

In Table [1} each model has the highest detection ac-
curacy for DDoS and the lowest detection accuracy for
Probe. Among the three models, the RBM model per-
formed the best, with accuracies of 0.976, 0.981, 0.943,

Table 1: Comprehensive performance of the model

Type Accuracy Contrastive divergence
RBM | BM | GAN | RBM | BM GAN
DDoS | 0.976 | 0.854 | 0.821 | 0.155 | 0.255 | 0.301
U2R | 0.981 | 0.804 | 0.773 | 0.184 | 0.274 | 0.306
R2L | 0.943 | 0.854 | 0.825 | 0.168 | 0.176 | 0.325
Probe | 0.828 | 0.724 | 0.693 | 0.178 | 0.285 | 0.324

I Accuracy l FAR

l Accuracy l FAR
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KL
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Recognition Rate/%:
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Figure 9: Accuracy and FAR analysis of various models
on different types of data

and 0.828 for DDoS, U2R, R2L, and Probe, and con-
trastive divergence of 0.155, 0.184, 0.168, and 0.178.
Therefore, while the RBM model exhibits excellent per-
formance, its contrastive divergence is also outstanding.

4.2 CA-based NSLPE Model

To verify the performance of the proposed NSLP based
on the K-medoids-KL, different types of intrusion attacks
are selected from the NSL-KDD dataset, and the results
are shown in Figure [9]

Figure [9f(a) to (d) show the accuracy and FAR of K-
medoids-KL, K-mean-KL, K-medoids, and K-mean mod-
els. In Figure[9] the K-medoids-KL model achieved recog-
nition accuracy of over 79% for DDoS, U2R, R2L, and
Probe. The recognition accuracy of this model for four
types of attacks is 70.6%, 79.1%, 84.2%, and 85.3%.
The recognition accuracy of K-medoids and K-means for
four types of intrusions is much lower than that of K-
medoids-KL. This indicates that K-medoids-KL has ex-
cellent recognition performance for various types of in-
trusions. Figure [I0] shows the classification performance
results of each model.

Figure [10[a), (b), (c), and (d) show the classification
performance of K-medoids-KL, K-mean-KL, K-medoids,
and K-mean models on different data. In Figure K-
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Figure 10: Comparison of classification performance of
various models

Table 2: Comprehensive performance comparison of four
models

Type K-means K-medoids K-means-KL K-medoids-KL

i ACC/% | Time/s | ACC/% | Time/s | ACC/% | Time/s | ACC/% | Time/s
DDoS 81.1 5.3 86.8 3.2 93.7 2.2 95.8 0.9
U2R 83.8 5.2 88.7 3.1 95.3 1.9 97.9 0.8
R2L 79.3 5.9 83.2 3.8 90.2 2.6 92.3 1.5
Probe 71.5 6.1 76.6 4.1 83.6 2.8 85.7 1.7

medoids-KL exhibits the best classification performance,
while K-mean has poorer classification performance. In
K-medoids-KL, various types of data are basically aggre-
gated together. The outcomes display that K-medoids-
KL has excellent clustering performance for different
types of data. Table |2 presents the results of compar-
ing the comprehensive performance of various models.

In Table [2| the K-medoids-KL model has the highest
accuracy, with recognition rates of 95.8%, 97.9%, 92.3%,
and 85.7% for DDoS, U2R, R2L, and Probe, and recog-
nition times of 0.9s, 0.8s, 1.5s, and 1.7s. The accuracy of
the K-means model is the lowest, with recognition rates
of 81.1%, 83.8%, 79.3%, and 71.5% for DDoS, U2R, R2L,
and Probe, and recognition times of 5.3s, 5.2s, 5.9s, and
6.1s. The data proves that the K-medoids-KL model per-
forms well among the four models.

5 Discussion

This study proposed a hierarchical network security pro-
tection evaluation model based on improved RBM and
K-medoids-KL clustering algorithm, which had supe-
rior performance on multiple network security data sets.
RBM significantly improved the feature extraction ability
through efficient VL. and HL connection structure. Com-
pared with traditional BM and GAN models, RBM had
better performance in training efficiency and processing

time, especially in recognizing multi-category data. RBM
improved the ability of data feature extraction by es-
tablishing an efficient connection structure between the
VL and the HL. The introduction of KL distance en-
hanced the measurement of the difference between cat-
egories in the process of CC selection, which significantly
optimized the clustering effect. Compared with K-means,
K-medoids-KL reduced the dependence on the selection
of the initial clustering center and had advantages in pro-
cessing time. The comprehensive use of LLM and cluster
analysis technology model not only solved the problem of
low efficiency of traditional methods in the face of massive
data, but also improved the accuracy of anomaly detec-
tion through RBM and improved clustering algorithm.

Although the experimental results showed that the
model had excellent performance, it may face the follow-
ing challenges in practical application. The current study
was conducted only in the laboratory environment and
could not verify the performance of the model in the ac-
tual complex network environment. The model placed
high demands on the quality and labeling accuracy of the
training data, which could be compromised when process-
ing unlabeled or noisy data. Although the K-medoids-KL
model was superior in terms of recognition time, it need
further optimization in scenarios with higher real-time re-
quirements.

6 Conclusion

The rapid development of the Internet makes it difficult
for traditional network security measures to deal with
complex and changeable network attacks. Therefore, this
study proposed a NSLPE model based on LLM and CA.
This model collected data through LLM and classified and
recognizes the data through the K-medoids model. In re-
sponse to the shortcomings of the K-medoids model, the
KL distance algorithm was utilized to improve it. Ex-
periments have shown that when the dataset size reached
1000, the accuracy of GAN, BM, and RBM was 0.78, 0.82,
and 0.98, with a contrast divergence of 0.34, 0.29, and
0.21. When the training set size was 1000, the recognition
times of GAN, BM, and RBM were 442ms, 378ms, and
342ms. When the validation set size was 500, the recog-
nition times of these three models were 804ms, 621ms,
and 514ms. The K-medoids-KL model achieved recog-
nition accuracies of 82.1%, 79.6%, 85.5%, and 88.8% for
DDosS, U2R, R2L, and Probe. Among the four models, K-
medoids-KL showed the best classification performance,
with recognition rates of 95.8%, 97.9%, 92.3%, and 85.7%
for DDoS, U2R, R2L, and Probe, and recognition times
of 0.9s, 0.8s, 1.5s, and 1.7s. Research has shown that the
proposed K-medoids-KL model has superior performance.
However, there are still uncertainties in this study. The
experiment was conducted in a laboratory environment
and was not tested in an actual network environment. If
the experiment were conducted in an actual network en-
vironment, it could make the model of this study more
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practical.
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