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With the widespread use and implementation of digital technology, the English digital archive system has accumulated a significant amount of data
encompassing various dimensions such as learning behavior, teaching processes, and student feedback. Extracting valuable information and knowledge
from this vast data has now become crucial for educational research and management. To this end, it is suggested that an enhanced convolutional
neural network be combined with an Apriori algorithm to design and optimize a digital archive management system and association rule mining for
English language. The improved Apriori algorithm takes into account the data’s peculiarities and mining demands, thereby yielding comprehensible
and high-quality results. The study’s outcomes revealed that when the system reached a maximum iteration of 114 times, the proposed method attained
the highest fitness value of 98.25 on the training set, in comparison with other fitness values. Similarly, when the proposed method was tested on
the validation set, it achieved a fitness value of 98.74 after reaching a maximum iteration of 61 times, compared to fitness values obtained by other
methods. The change in the overfitting curves shows that the model’s performance in managing the data was stabilized after 30 iterations. With the
optimized training model, the accuracy of data manipulation progressively increased to a consistent 90% and eventually converged to 99.99%. In
practical applications, the test scores obtained by the proposed system for data transmission, preservation, retrieval, and management, all surpassed
84 points –a significant improvement. Notably, the system’s data management score exceeded 92 points. The research findings demonstrate the clear
advantages of the new methodology over the traditional approach in regards to accuracy and operational efficiency. It also indicates the proposed
method’s capacity to effectively manage the vast amount of data in the English digital archives of colleges and universities, thus yielding robust data
support for research and management purposes in English education.
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1. INTRODUCTION

With the rapid advancement of information technology,digital
storage and information management have become essential
tasks for modern businesses and research institutions. In the
realm of education, the proliferation and expansion of English
language education (ELE) have led to the gradual integration
of the English Language Digital Archiving System (ELDAS)
into educational management [1–2]. ELDAS systems offer
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significant data support for educational activities and research.
They provide vast data resources for researchers, creating
a strong foundation for ELE research. The information in
ELDAS is extensive and complex, covering aspects such as
students’ learning history, grades, feedback, and textbook
usage. Mining valuable information from this data to enhance
educational management and teaching is a crucial concern in
current ELE research [3–4]. Association rules (AR) mining,
as a significant subset of data mining,offers an efficient appro-
ach to achieving this aim. The Apriori algorithm, one of the
most traditional AR mining algorithms, performs data mining
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by gradually identifying frequent item sets and creating ARs
based on these sets [5]. However, the conventional Apriori
algorithm is inefficient and computationally onerous when
handling large datasets, particularly those with numerous
items and transactions. This is because the entire dataset
needs to be scanned multiple times in order to generate a
substantial set of candidate frequent items, resulting in a
significant computational overhead when big data is involved.
In this study, an optimized method is proposed based on the
improved Apriori algorithm, specifically for AR mining in
ELDAS. This tool is expected to provide new insights to
ELE administrators and researchers, helping them extract
valuable information from digital archives and make data-
driven decisions to improve education.

2. RELATED WORKS

In the age of continuously evolving Internet technology,
it is inevitable for various management systems to adopt
information technology. Furthermore, with the advent and
increase of big data, an artificial intelligence boom is occurring
once again. Deep neural networks (DNN), one of the
quintessential machine learning networks, are extensively
employed in construction, sales, and management control.
Chen et al. proposed a DNN-based method for detecting
wooden structures in response to the problem that wooden
structures are susceptible to termite activity resulting in
internal holes. By means of DNN, the method analyzed
the acoustic waves generated by knocking on the wooden
structure to determine whether it contained holes. Test results
showed that the method has high accuracy and versatility in
identifying internal damage to wooden structures [6]. Wu et
al. proposed a three-layer DNN-based fingerprint biological
key generation framework to address the problem of unstable
fingerprint key generation. The framework can eliminate
the inconsistency of fingerprint samples by using DNN for
feature extraction and layer-by-layer convolutional projection
of fingerprint samples. Testing confirmed that the framework
could achieve an accuracy of 98% for fingerprint recognition,
with a false recognition rate of only 1.5% [7]. Preethi
proposed a DNN-based e-commerce recommendation system
facilitating the way that shopping sites recommend goods to
potential customers. First, the system generated a glossary
of terms related to the goods, and then the unimportant
statements in the glossary were eliminated by Dirichlet
allocation. Test results revealed that the goods recommended
by this system were more in line with customers’ preferences
[8]. Walters et al. proposed a DNN-based ice rink linear
segmentation method that needs to take into account real-
time sports analysis, which segmented the rink linearly by
BenderNet and RingerNet. The method was tested for
real-time localization of hockey rinks with high accuracy
while maintaining high efficiency [9]. Shafiee and his team
proposed a DNN-based assisted driving system to address
the problem that drivers are prone to traffic accidents due
to fatigue and other factors. This system can largely avoid
traffic accidents and injuries caused by driver’s operational
errors, and the system can also provide assisted driving for
disabled people [10].

Data mining is widely used in various industries for its abil-
ity to process large amounts of data and transform them into
useful information and knowledge. Pan and Yang proposed a
marketing method based on data mining algorithms in order
to develop personalized marketing strategies. The method
obtains the intervals with the highest marketing success rate
by calculating the set of frequent closed items and positive and
negative sample support. The success rate of the marketing
strategy proposed by this method was tested and found to be
8% higher than the traditional method, and it demonstrated
better performance with a smaller number of intervals [11].
Wu proposed an information screening method, based on
data mining and XBRL technology, for the processing of
business information and to provide support for company
decision making. Test results indicated that the method has
a high accuracy rate for processing business information and
can provide strong support for the development of corporate
development strategies [12]. Latif et al. proposed a data
mining method based on linear regression and particle swarm
optimization for the purpose of estimating software workload.
The test results showed that the RMSE value of this method for
software workload estimation was 1552, and the estimation
accuracy was improved by 3.12% [13]. Matondang et al.
proposed a data-mining forecasting model for the fishing
industry in order to forecast the quantity of growth in the
fishing industry and assess the factors affecting it. The model
used the C45 algorithm to categorize the fishing industry data
as a way of determining the factors the growth quantity of
the fishing industry. After testing, the model was found to
be highly accurate in predicting the amount of growth of
the fishing industry and determining the factors affecting it
[14]. Fan et al. proposed a data mining method based
on frequency analysis, AR and entropy clustering so as to
mine the laws of traditional Chinese medicine treatment
of psoriasis and pharmacological exploration. The method
revealed the potential configuration laws of core drugs by
screening out 349 psoriasis treatment prescriptions in which
the frequency of use was greater than 30 times. After
testing, the model effectively mined the signaling pathways
of psoriasis treatment prescriptions and provided a powerful
reference for psoriasis treatment [15].

In summary, DNNs and data mining, which utilize
commonly-used network structures and data processing meth-
ods, are extensively employed in various fields, impacting
the growth and development of diverse industries. Currently,
digital file management systems are the primary method
used to manage courses, grades, and other student-related
information in colleges and universities. These systems have
been significantly impacted by advancements in information
technology, and artificial intelligence has the potential to offer
robust decision-making support for English teaching in higher
education. By processing student and administrative data
more accurately, AI can facilitate more informed decision-
making in this field. However, the system frequently produces
considerable quantities of data, the processing of which
cannot be accomplished efficiently by traditional algorithms.
To address this issue, the study suggests a data mining
approach that combines CNN and Apriori algorithms to
process effectively and efficiently the data from English file
management systems in colleges and universities. The goal
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Figure 1 Schematic diagram of CNN framework.

is to accurately locate and categorize relevant information in
a logical manner.

3. DESIGNING AN ENGLISH DIGITAL
ARCHIVE MANAGEMENT METHOD
BASED ON DATA MINING AND
ASSOCIATION RULES

3.1 File Management Design by
Incorporating DNN and Data
Mining Algorithms

The management of English digital archives in colleges and
universities usually produces a huge amount of data, and
the efficient processing of these data is highly problematic.
In order to effectively solve the problem, in this paper, a
combination of deep learning and a data mining Apriori
algorithm is proposed for the building of an English digital
archive management model [16–17]. DNN, an important
technology in the field of machine learning, is essentially
an unsupervised learning approach. Common types of
networks include convolutional neural networks, recurrent
neural networks, deep belief networks, deep self-encoders,
and generative adversarial networks, etc. CNNs are widely
used in many fields due to their superior feature representation
capabilities. In this study, CNN is adopted as the basic
framework of the model constructed for the experiment. The
framework of this model is depicted in Figure 1.

As Figure 1 clearly shows, the CNN model consists of a
convolutional layer, a pooling layer and a fully connected
layer. Of these, the convolutional layer is responsible for
capturing and extracting local features in the data [18]. In this
study, a one-dimensional convolutional approach was chosen
for the experiments. This convolutional method can handle
vector operations involving filters with numerical sequences.
The linear sequence of data after this transformation can be
computed by using equation (1).

c j = f T s j − m + 1 j + b (1)

In equation (1), c j denotes the new sequence and f denotes
the filter. s j denotes the original sequence, m denotes the

filter length, and j denotes the index. b denotes the bias
term and also acts as a threshold in the model. Considering
the complexity of the input to the convolutional layer, the
input data is usually not only a simple sequence of values, but
may also be a sequence of multidimensional vectors. In order
to handle this situation, the experiment needs to convert the
dimensionality of each vector into matrix form. Therefore, it
is then necessary to use a filter set of b filters and a bias set
consisting of b biases [19–20]. The new matrix transformation
can be referred to equation (2).

conv(S, F, B) Rd×|s| → Rd×(|s|+m−1) (2)

In equation (2), S denotes a sequence of multiple values,
F denotes the filter set. B denotes the bias group, and
Rd×|s| denotes the set of real numbers. Because the CNN
model needs to better express the nonlinear relationship, the
activation function is often added to the output of each layer.
The detailed calculation of the activation function is obtained
with equation (3).

f (x) = max(0, x) (3)

The pooling layer plays a very crucial role in the neural
network, which is able to aggregate the input data, thus
enhancing the tolerance of the model to small changes in the
data. The specific operation of pooling is calcultated with
equation (4).

Pooling(a):R|a| → R[|a|/k] (4)

In equation (4), a denotes the vector and k denotes the number
of values to be aggregated,which is actually a hyperparameter.
The new matrix P can be obtained when applying the pooling
operation to the matrix, as shown in equation (5).

Pooling(A) Rd×|a| → Rd×[|a|
/k] (5)

In equation (5), A denotes the vector matrix. When the data
is convolved and pooled, a primary representation or called
first-order expression of the original data can be obtained. By
repeating the above operation several times, a more complex,
higher-order data expression can be further obtained. This
higher order data expression is computed with equation (6).

vol 33 no 2 March 2025 133



ASSOCIATION RULE MINING FOR ENGLISH DIGITAL ARCHIVE SYSTEM BASED ON IMPROVED APRIORI ALGORITHM

Figure 2 CNN Training Process.

Figure 3 Data Mining Process.
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In equation (6), Pi
j denotes the first order expression of the j

th value. α denotes the activation function up and K j denotes
the number of values. The core task of the fully connected
layer is to integrate and compress the information from the
uppermost layers in the network into a single comprehensive
vector. This process is computed with equation (7).

x̂ = α(pT H ) (7)

In equation (7), x̂ denotes a vector composed of features
of the original data. Matrix H denotes the parameters to
be optimized during the training process, and p denotes the
vector composed of higher-order expressions. The CNN
training process is shown in Figure 2.

The data accumulated in the English digital archive
management system needs to be transformed into practical
strategies and information by appropriate means [21]. For
this reason, several data mining techniques were developed
because of their ability to deeply analyze and extract patterns
from the data. Some of the more common algorithms
among the many data mining methods include clustering,

classification, AR, genetic, and Bayesian. The data mining
steps and methods are shown in Figure 3.

In Figure 3, data mining first requires collecting raw
data, performing data cleaning and preprocessing to obtain
a database. Secondly, store the preprocessed data in a data
warehouse for quick querying and analysis. Then, use data
mining algorithms to discover patterns and relationships in
the data, and establish models based on the results of data
mining. Subsequently, explain the results of data mining and
evaluate the performance of the model. Finally, determine the
association rules. AR is well suited for analyzing transactional
or transactional databases with the aim of discovering possible
patterns hidden in the data [22]. In this research, an AR
mining algorithm (Apriori algorithm) was used as it is widely
recognized as being effective. The Apriori algorithm works
by identifying frequently occurring itemsets by means of a
level-by-level search to find out potential correlations in the
data. The flow of the Apriori algorithm is shown in Figure 4.

As can be seen in Figure 4, before applying the Apriori
algorithm, specific support and confidence thresholds need
to be established. Here, the support is the frequency of
occurrence of a particular itemset in a transaction, while the
confidence is the ratio of the frequency of occurrence of the
itemset in a set ofARs in terms of the leading itemset. After
the thresholds have been established, the algorithm further
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Figure 4 Apriori Algorithm Process.

Figure 5 CNN-APriori Model Process.

calculates the support degree for the candidate set and the
confidence degree for the frequent set. Combining the set
minimum support and confidence thresholds, the algorithm
generates a series of ARs. Among these generated rules, the
experiment selects those that fulfill the practical needs. If
the results do not meet expectations, consider adjusting the
thresholds and then re-execute the above process.

3.2 Mining Model Construction for English
Digital Archives Management in Colleges
and Universities Counting CNN-Apriori

Due to the large number of students in colleges and univer-
sities, the corresponding English digital archive management
system usually contains a huge amount of data, and all the data
are mostly very complicated, so the experimental processing
of archive management data is actually a relatively tedious
task. If the traditional CNN and AR algorithms are utilized,

it is basically impossible to complete the effective mining
and accurate classification of massive data [23]. In view
of this, the experiment proposes to combine the above two
algorithms to jointly construct a data mining model to improve
the performance of the system. The corresponding obtained
process is schematized in Figure 5.

Based on the process in Figure 5, it can be seen that the
raw data is first normalized, which ensures that the data is on
a uniform scale and reduces the adverse effects of anomalous
data. After normalization, the experiment is able to provide
the model with input vectors and expected outputs through
which the hidden layers and the outputs of each cell can be
calculated. Next, the error between the expected output and
the actual output is measured. If the error is within acceptable
limits, the process continues. Otherwise, the parameters of the
hidden layer need to be readjusted using the back propagation
algorithm. In addition, feature extraction is an important part
of this process and the extracted data will be used as the output
of the subsequent steps. These output data can be used as
input to the Apriori algorithm. Once the specific support and
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Figure 6 Framework for Running Association Rules.

confidence thresholds are given, one can start scanning the
entire database and calculate the support for each candidate
set. The existence of frequent itemsets can be confirmed only
if these support degrees exceed the thresholds set. Calculate
the confidence level of each frequent itemset, and only when
their confidence level exceeds a specific threshold can the
existence of a valid AR be considered. Once an AR that meets
the requirements is obtained, it can be considered as an output
result. Where the support and confidence are calculated in
equation (8).{

Sup(X) = count (X⊆Y )
|T S| ∗ 100%

Con(Y = Z) = Sup(Y=Z)
Sup(Y )

∗ 100%
(8)

In equation (8), Sup(X) denotes the degree of support and
count (X ⊆ Y ) denotes the number of supports. |T S| denotes
the thing set mode, Con(Y =⇒ Z) denotes the confidence
level, and Sup(Y =⇒ Z) denotes the support in AR. It is
assumed that Ti is the thing, T S is the thing set, m × n is
the thing set order, and AR is the Y =⇒ Z(S%, C%). The
equation for support in AR is shown in equation (9).

Sup(Y =⇒ Z) = S% =
m∑

i=1

{(Y =⇒ Z) ⊆ Ti } (9)

After setting the appropriate confidence and support
thresholds, the experiment can then further calculate the
support of the candidate set and generate the frequent item
sets accordingly. After completing the computation of all
frequent item sets, the generation of AR is continued. The
computation of the associated AR is shown in equation (10).

Supcount (L)

Supcount (s)
> min− con f (10)

In equation (10), L denotes the set of frequent terms. S denotes
the non-empty subset of L. And min− con f denotes the
minimum confidence threshold. The normalization equation
is shown in equation (11).

X = x − min

max − min
(11)

In equation (11), X represents a single data point after
normalization, min represents the minimum value of this data

point, max represents the maximum value of the data point,
and x simply represents a single sample data. In order to
more accurately reveal the interrelationships among different
variables, the study used the correlation coefficient as a metric,
the equation for which is (12).

r =

n∑
i=1

(Xi − X)(Yi − Y )√
n∑

i=1
(Xi − X)2

√
n∑

i=1
(Yi − Y )2

(12)

In equation (12), X and Y denote two different variables,
and r A denotes the correlation coefficient, the larger its
absolute value, the stronger the correlation between the
variables. The model supervises the training through a loss
function, which is calculated using equation (13).

Ls = −
m∑

k=1

log
exp(W T

yk
xk + byk )

n∑
i=1

exp(W T
i xk + bi )

(13)

In equation (13), xk denotes extracted features and Wyk

denotes learning weights. bi denotes the bias value, m
denotes the training batch size, and n denotes the number
of categories. The loss function is the key to assessing the
effectiveness of the model, as it reveals the deviation of
the model output from the real data. In order to provide a
comprehensive assessment of the model’s prediction effect,
the experiment introduces core evaluation metrics such as
accuracy, precision and F-measure. The purpose of the
study is to create an integrated CNN-Apriori model that
combines the deep learning properties of CNN and the rule
mining capabilities of the Apriori algorithm. This integrated
approach aims to address the respective limitations of the
CNN model and the Apriori algorithm, especially to reduce
the intermediate sets generated by Apriori in the data mining
process. Ultimately, this integrated approach provides a more
efficient and accurate analysis of big data related to English
digital archive management in universities and colleges. The
operational framework of the English digital archive manage-
ment system under AR obtained is shown in Figure 6.
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Table 1 Basic Environmental Parameters of the Experiment.

Parameters variables Parameter selection

The overall implementation platform of the system Simulink
System PC side memory 36G

Data storage Sheepdog
Data regression analysis platform SPSS Excel

Simulation experimental environment MRDS
Operating system Microsoft Windows 10

CPU model Intel Xeon E5-2665x2
CUDA 3584

Operating system Ubuntu16.04LTS
GPU GTX1080Ti llGx4

Figure 7 Comparison of Convergence Changes.

4. PERFORMANCE TESTING AND
APPLICATION EFFECTIVENESS OF
THE ENGLISH LANGUAGE DIGITAL
ARCHIVING SYSTEM

Before the experiment was formally carried out, tests were
conducted to determine the feasibility and validity of the
ELDAS constructed by the Institute, , in order to ensure the
fairness and rationality of all subsequent experiments. Firstly,
the basic parameters of the relevant software and hardware
equipment were established, as shown in Table 1.

Multi-objective optimization and data mining(MOA-Data
Mining), frequent itemsets and improved Apriori algorithm
(Fp-growth-Apriori) in AR, Fusion of Data Mining and
Hidden Markov Models (HMM-Data Mining) (used for the
evaluation of PE teaching quality) and various research meth-
ods were selected for performance comparison [24–26]. The
experiments were conducted with the exclusion of certain
parameters, and all remaining parameters remained the
same. The number of system iterations for all four algorithms
was set to 200, and 2112 data items from the English file
management system of a university were selected; after
removing erroneous data through data preprocessing, 1800
data items remained. The study divided 35% of the data
into a validation set and 65% of the data was used as the
training set. The convergence obtained by running the four
models on the two data sets was compared, which is shown in
Figure 7.

Figure 7(a) shows the change curve of the adaptation values
of different models on the training set. It was found that
when the system keeps running iteratively up to 114 times,

the proposed method achieves the maximum adaptation, with
a value of 98.25. At this time, the convergence adaptations
of the other three models are still constantly changing, iand
the system does not have a relatively smooth adaptation
value. Figure 7(b) shows the convergence variation curves
of the different algorithms on the validation set. When the
management system runs up to 58 times, the research method
has the maximum adaptation value, with the value of 61 times,
and the adaptation value of the proposed method is 98.74. The
three methods compared with the proposed method all have
smooth adaptation values after 100 iterations, and all of the
adaptation values are smaller than that of the proposed method.
These results indicate that the proposed method always has
the highest fitness value, has a more significant and faster
convergence rate, and the system reaches stable operation
more quickly under the same experimental conditions. The
overfitting curves of the selected English file management
system training data were then analyzed, as shown in Figure 8.

In Figure 8, the horizontal coordinate indicates the number
of iterations of the system (100); the vertical coordinates
vary. The curve change in Figure 8(a) indicates that when the
number of iterations is 30, the ability of the proposed model
to manage the data is gradually stabilized, and it can map all
the selected training samples to the corresponding location
labels. In Figure 8(b), with the increase of the number of
iterations, the validation accuracy of the research model starts
to decrease and the overall accuracy is less than 65%; the
accuracy of the training set also starts to stabilize and remains
at a higher value. In Figure 8(c) and Figure 8(d), with the
iteration of the system, the optimized accuracy of the training
model starts to increase linearly, and the accuracy of the final
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Figure 8 Overfitting diagram of optimized training data for English file management system.

Figure 9 Comparison of the Fl Values of Different Models.

model can be maintained stably at 90% and constantly tends
to reach 99.99%. Combining the above results, it can be seen
that the proposed model can accurately manage the data and
solve problems such as overfitting caused by the small data set
during the training process. Then the Fl values obtained by
running the four models on different data sets were analyzed.
The results are shown in Figure 9.

Figure 9(a) shows the variation of Fl values of the models
on the training set. It was found that the Fl values of all the
models, in terms of the running time of the system, begin to
increase. When the digital archive system runs up to 0. 22s,
the Fl value of the research method reaches the maximum
value of 0.947; after that, it remains in that state and continues
to be stable. However, correspondingly, the Fl values of
the other methods are smaller than those obtained by the
proposed method. Figure 9(b) shows the variation curves
of Fl values of different algorithms applied to the validation

set. The Fl value of the proposed method is always at the
maximum and has the best Fl value at 0. 17s. Comparison
shows that there is a very significant difference between the
research method and the other three algorithms, which also
indicates that the proposed method has a smaller error in the
operation of the English digital archive management system,
and its overall performance is superior. Then the research
constructed ELDAS was applied to the ELDAS of students
in a domestic university to evaluate the application of the
system in regard to data transmission, preservation, retrieval
and management. The statistical results for these aspects are
shown in Figure 10.

Figure 10 (a) and (b) enable a comparison of the practical
effect of applying the ELDAS on the training set and
validation set, respectively. Under the operation of the system
constructed by the Institute, the test effect scores of the system
in regard to data transmission, preservation, retrieval, and
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Figure 10 Application Effects of the System on Different Datasets.

Figure 11 Comparison of Interactive Results between Two Management Systems.

management show various degrees of improvement, all of
which are greater than 84, with the score for the system’s
management of data being greater than 92. Meanwhile,
by applying the system to the validation set, the scores
of all four aspects were obtained, and showed an increase
significantly greater than 91. Figure 11 depicts the application
of the institute-built system to English digital management,
demonstrating that it can effectively improve the performance
of data transmission, preservation, retrieval, and management.
Finally, the interactive results obtained for the two different
English digital management systems are compared, as shown
in Figure 11.

As can be seen in Figure 11(a), there is a small difference
between the number of information submissions and feedback
during the implementation of the system constructed by the
experiment; however, the overall difference is not very large.
In addition, the active information interaction time is slightly
more than the passive interaction. This indicates that the
digital management system for English in higher education
operates more efficiently and is more effective in managing
English data. However, in Figure ll(b), the efficiency of the
institute-constructed system fluctuates less and the number of
passive interactions is greater, suggesting that the interactivity
of the system needs to be further strengthened.

5. CONCLUSION

To provide valuable insights for ELE research and uni-
versity management, and enhance system performance, the
researchers propose that CNN be combined with an improved
Apriori algorithm and applied to the system. CNN will
boost the Apriori algorithm, and a new data structure will
be introduced to achieve system control. In this study, the
research method was applied 114 times to the training set
and 61 times to the validation set. The maximum fitness
values achieved were 98.25 and 98.74, respectively. The
overfitting curve shows that the performance of the model
gradually stabilized after 30 iterations. It can accurately map
all selected training sample locations to their corresponding
labels. During the experiment, the proposed method achieved
a peak Fl score of 0.947 on the training set when the system
was operating for 0.22 seconds. Furthermore, the efficiency of
the system in managing data transfer, preservation, retrieval,
and administration exhibited a range of enhancements, all
of which exceeded 84, with the system achieving a score
greater than 92 in the management of data. The system
constructed by the Institute operated with high stability,
showing minimal fluctuation and more passive interactions.
The research findings confirmed the Institute’s method as
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superior concerning operational efficiency, accuracy, and
speed of convergence. This method is an effective means
of mining AR in ELDAS. Further research could enhance
the effectiveness of the Apriori algorithm on larger and more
complex datasets. Furthermore, the combination of other data
mining techniques, such as clustering and classification, could
also be considered for more in-depth analysis and mining.
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