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This paper proposes an Apriori-Bayesian Network hybrid model for mining association rules in teaching
evaluation data. A total of 5,200 teaching evaluation records were cleaned, discretized, and transformed into
transaction data. Apriori was first used to generate frequent itemsets under sensitivity-tested support and
confidence thresholds, and Bayesian network inference was then introduced to reduce redundant rules and
improve rule interpretability. Experimental results show that the proposed model achieves higher rule quality
than Apriori, FP-Growth, Eclat, and genetic association rule mining. The average rule redundancy is reduced
by 18.7%, and the key rules obtain lift values greater than 1.30, indicating strong positive associations. The
model also supports rule-based warning, performance prediction, and teaching quality diagnosis in a B/S
management system. The results demonstrate that the proposed method is effective for teaching data mining
and decision support.

Keywords: Data mining; Association rules; Teaching quality; Bayesian network
©The Author(’s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC
BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and

source are cited.

http://dx.doi.org/10.6180/jase.202610_33.022

1. Introduction

It is significant to strengthen the construction of teaching
staff in higher vocational colleges. Classroom teaching is
the basic form and core link of teaching work. It plays
a decisive role in improving the quality of teaching. Be-
cause the evaluation content of teaching quality is primarily
qualitative and few in quantity, its standard has excellent
flexibility. Coupled with the understanding of standards
and the subjective factors of experts, all these makes evalu-
ating educational quality very difficult. Data mining can
find valuable information in massive evaluation data [1]ite.
This understanding plays an important guiding role in
improving classroom teaching. Using association rules to
explore classroom teaching evaluation is of great signifi-
cance for improving the level of educational management
and education quality.

The popular association rule mining algorithms include

Apriori, FP-growth, and Eclat methods. Apriori and its
modified method search the entire database for frequent
items until no new ones appear [2—4]. FP-Growth is a
frequent pattern growth method based on the FP-tree,
which reduces the use of storage space through segmented
scheduling. Eclat is the first method to explore frequent
item sets using vertical data representation [5, 6]. It obtains
the support value of candidate items by calculating the
intersection between the sets, thus avoiding the cumulative
calculation of item sets and improving the discovery speed
of association rules.

Bayes (BN) provides a new method for expressing and
inferring uncertain information.

This method can infer information from any node to
other nodes [7]. Introducing a Bayesian

Network into the prediction of education quality can im-
prove the accuracy of education quality prediction. Firstly,
multiple frequent 2 -item sets are mined by the Apriori
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method, and then the Bayesian network finds all the rel-
evant rules. Finally, the support and credibility of each
relevant rule are analyzed [8, 9]. This new algorithm can ef-
fectively solve the large computational workload caused by
the increasing frequency item set. The parameters are pre-
dicted by using a wavelet network. The experiment shows
that the Bayesian algorithm proposed in this paper has a
good potential for application in parameter prediction.

2. Methods

2.1. Bayesian model

Bayesian network is a mathematical model that combines
probability with graph theory, which describes the depen-
dency relationship between random variables [10]. This
provides a visual expression method to solve the problem
of uncertainty and complexity. Bayesian networks are loop
less directed graphs. It expresses the correlation between
variables in the form of an arc, and its distribution reflects
the correlation between variables and realizes strict logi-
cal inference based on Bayesian theory. In this paper, the
Bayesian network is used to mine the association rules
among the parameters of teaching quality. The architecture
of the
Bayesian model is shown in Fig. 1.
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Fig. 1. Bayesian Network Structure for Teaching
Evaluation

Bayesian networks include two aspects: the directed
acyclic graph describing the dependent structure, which
describes the conditional probability of the dependent
strength [11, 12]. The second is composed of nodes and
edges in directed acyclic graphs. Each node is associated
with an arbitrary variable used in the text to character-
ize the various education parameters. Each side repre-
sents the correlation of a random variable, and the arrows
in the graph reflect the direction of the event [13].The
directed edges represent prior causal or dependency as-
sumptions derived from teaching evaluation logic and fre-

quent itemset relationships. The state probability table
is used to describe the correlation between nodes. The
chain rule of A Bayesian network is determined by con-
ditional probabilities, such as a set of random variables
U = {Uy, Uy, ..., U,}, whose merge probability is

P(Uy, Uy, ..., Uy) :HP(U,- | U, Uy,..., Ui—y) (1)

n
=1
A fundamental property of Bayesian networks is that
when its parent node is determined, the state of the node
does not depend on any of its non-parent nodes. The
merger possibility can be simplified as

n
P(Ul, quu'/un) :]__[P[ui ‘ Pparents (Ul)] (2)
i=1
In the formula, Pp,yens (U;) represents the parent union
of the node U;. According to this relation, the probability
of the node can be obtained.

2.2. Association rule mining

The mining of association rules can determine the relation-
ship between unknown data in advance and data that can-
not be obtained by logical operations or statistics [14-17]. It
is not an inherent property of the data itself but a common
property of the data. This paper proposes a semantic-based
association rule mining method.

Transaction: Suppose E = {ej,¢e,...,e,} is composed
of n separate entries. e,(r = 1,2,...,n) is called engineer-
ing. S, is a transactional database targeted at E. Each
transaction T is a set of features in E,T C E, and has a
unique transaction identification (TID).

Support degree Ssypport (U) of item set U : The amount
of support for project U represents the importance of U
in the project. In the transaction database, the number of
transactions that support item set U is called the number
of transactions that support item set U and is represented
by Ucount - Suppose S 4 is the total number of transaction
databases, then the amount of support for project U is

SSupport (U) = Ucount / Sl ®3)

The credibility of a rule reflects the credibility of a rule.
Association rules:

F:U=V,UCEVCEUNV=0 @)

In addition to support and confidence, lift is introduced
to measure whether the antecedent and consequent of a
rule are positively correlated. For an association rule F :
U =V, lift is calculated as
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S uuv
Lift((U = V) = Conf(U = V) _ support ( )

Ssupport (V) B Ssupport (U)Ssupport (V)
©)

When Lift > 1, the occurrence of U increases the prob-

ability of V, indicating a positive association. When Lift
=1,U and V are statistically independent. When Lift < 1,
the rule has a negative association and should not be re-
tained as a useful teaching rule. In this study, lift is mainly
used to screen rules such as teacher age, academic degree,
professional title, and high teaching evaluation score.

The correlation rule has the following confidence levels

Heonfidence (F) = SSupport (uu V)/SSupport u) ()

If the confidence of F is greater than the minimum, then
it is considered a "strong" relationship. If it is lower than
this value, it is a "weak" relationship.

Since the Apriori algorithm must re-support and ana-
lyze frequent item sets with higher dimensions after it gen-
erates them, the correlation rule mining technology in the
Bayesian network can effectively avoid repeated searches
and describe the two item sets obtained by a single search
with the Bayesian network to find the correlation law [18-
20]. The Apriori-BN rule filtering mechanism is shown in
Fig. 2.

Step 1: Use the Apriori algorithm to find all 2 frequency
sets. The Apriori method searches the database repeatedly
to find all frequent item sets. Firstly, the Apriori method
is used to calculate the support degree of each item [21],
[22]. The item whose support degree is not less than the
minimum support is selected as frequent 1 -item Q7, and
then the item with frequent 1-item Q; is associated with ob-
taining 2-item Hj. The 2-entry traverses a second time. The
support degree of each element in item 2 — H is solved. Se-
lect items with at least minimum support to build frequent
2-items.

Step 2: Filter frequent items. When the item set U, V has
the following relations:

SSupport (u U V) ~ SSupport (U) ’ SSupport (V) @)

This paper concludes that the independence and asso-
ciation rules between item sets U, V have no significance.
The degree of interest between project sets is defined as
follows

Ssupport (uuv)
E uv)=
Interest ( ) SSupport (U)Ssupport (V)

~1 ®

Step 1: Use the Apriori algorithm
to find all 2 frequency sets.

* Find frequent 1-item set Q;.
* Generate candidate 2-item set H,.
* Scan database and calculate support.

» Select frequent 2-item set.

!

Step 2: Filter frequent items.

@ I Epnprest (U, V) >0,
U, V is positive.

Interest between item sets U, V' : @) IF Eerest (U, V) =10,

e
- V)= Ssupport(UU V) ~ U, \;’ncs’ znrelated and
Interest ' T B e —— .
* Ssupport(U) Ssuppon(V) Ee
@ I Epngerest (U, V) <0,
l U,V is inverted.

Step 3: Build a Bayesian
neural network.
Construct Q, Bayesian
neural network with each
state variable as a node
and A as an edge.

¥

Step 4: Use the Bayesian
neural network to
generate relevant rules.

7

O—0O—O

Rule example: X »Y, Y Z, X > Z

¥
Step 5: Obtain the relevant Rule Interest (Eyuew | Relationship
rules and the relationships X=>Y 0.35 Positive
between them. Y>2Z 0.28 Positive
X>2Z =012 Inverted

Fig. 2. Apriori-BN rule filtering mechanism

1. If Emnterest (U, V) > 01is, then U, V is regarded as posi-
tive;

2. If it is Epngerest (U, V) =~ 0, then U, V is unrelated to
each other and should be excluded from the frequent
2-item collection;

3. If Epnterest (U, V) < 0is, then U, V is considered to be
inverted.

The mapping between Apriori frequent itemsets and
Bayesian network nodes follows a one-to-one attribute-
state rule. Each discretized item, such as Age = A3, Degree
= D2, or Score = H4, is treated as a state of a corresponding
Bayesian network node. Frequent 2itemsets generated by
Apriori provide candidate dependency relationships be-
tween nodes. For example, if { Degree = D2, Score = H4}
is a frequent 2-itemset and satisfies the lift threshold, then
a candidate edge from educational background to evalua-
tion score is generated. This mapping mechanism connects
the statistical co-occurrence discovered by Apriori with the
probabilistic dependency representation of the Bayesian
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network.

Step 3: Construct and optimize the Bayesian network.
Each teaching evaluation attribute after discretization is
mapped to a Bayesian network node, including age, pro-
fessional title, educational background, teaching content,
teaching attitude, teaching method, teaching effect, and
final evaluation grade. The network structure is initialized
according to domain knowledge and frequent 2 -itemsets
obtained by Apriori. If two items appear frequently and
satisfy Lift > 1, a candidate directed edge is generated.
The edge direction is determined according to the teach-
ing evaluation logic, for example, teacher attributes and
teaching behavior indicators are treated as parent nodes,
while the final evaluation grade is treated as the target node.
After initialization, the network structure is optimized us-
ing Bayesian Information Criterion scoring. Edges that
do not improve the score or violate the directed acyclic
graph constraint are removed. This process ensures both
interpretability and structural rationality.

Step 4: Using the Bayesian Network to generate relevant
rules;

Step 5: Get the relevant rules and the relationships be-
tween them.

Suppose a Bayesian network is a network of n nodes
and 1 edge sets, and its computational complexity is
D (n+n?+1). When the data in the network is much
more than the number of nodes, an association rule method
based on Apriori is proposed in this paper.

The flowchart of the Apriori-BN Hybrid Model as Fig. 3:

3. Results and discussion

The school implements the teacher’s quality evaluation,
including expert peer evaluation, student evaluation,
teacher’s class, and other methods. Many factors restrict
the evaluation of educational quality. It can be seen that the
proportion of different subjects in the assessment of teacher
education quality is different (Table 1).

There are two evaluation methods: qualitative and quan-
titative [23-25]. The quantitative evaluation mainly in-
cludes the educational goal, the educational content, the
educational concept, the educational way, the educational
level and so on. Because the positions and functions of var-
ious evaluation indicators in teaching quality differ, each
indicator weights the overall evaluation of teachers’ teach-
ing quality (Table 2).

Pre-processing the existing teaching quality assessment
samples lays a foundation for the subsequent correlation
analysis. Because the teaching quality evaluation data is
digital type, the data mining method mainly aims at the
discretization of logic type. The experimental dataset con-

Input:

Teaching evaluation transaction database D
minimum suppert minsup
minimum confidence minconf
lift threshold minlift

L]
- N
LLCIean and discretize teaching evaluation r’ecords)

L |
(Transform each record into a transaction |tem5etj

¥
I - - . A
Use apriori to generate frequent 1-itemsets and 2-itemsets
. A

[Calculate SUpport, com'den{e and lift for candidate rulesj

T

—_— Remove rules with confidence < mmr.onf or I =1 E—

valid

(Map retained frequent itemsets to Bayesian network nudesj

¥
| Initialize directed edges accerding to frequent Z-itemsets and demain logic |
L. . A

L ]
L_Clp(imizelhe Bayesian network structure using score-based pruning |
. _/

Y
(Inier conditional dependencies among teaching indicawrﬂ
. . _

¥
i e A
Output nen-redundant and expert-validated association rules

L ]
Qutput:
Valid association rule set R

..
G,

Fig. 3. Flowchart of the Apriori-BN Hybrid Model

tained 5,200 teaching evaluation records collected from the
teaching evaluation system. Before rule mining, data clean-
ing and preprocessing were performed. First, records with
missing key fields such as evaluation score, teacher identi-
fier, course identifier, or evaluator type were removed. Sec-
ond, duplicate evaluation records generated by repeated
submission were detected according to teacher ID, course
ID, evaluator ID, and submission time. Third, abnormal
scores outside the valid range of 0 — 100 were corrected
or deleted. Fourth, categorical variables such as profes-
sional title and educational background were standardized
to avoid inconsistent descriptions. Finally, continuous vari-
ables such as age and evaluation score were discretized
into interval labels. After preprocessing, the dataset was
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Table 1. Weight coefficients

Survey object

Pupil

Peer expert  leader

Weight coefficient

0.4

0.4 0.2

Table 2. Indicator weights

Assessment Teaching Teaching Teaching Teaching Teaching Teaching
index purpose  content  attitude  method level effect
Weight 0.1 0.2 0.2 0.1 0.2 0.2
coefficient

transformed into a transaction database suitable for Apri-
ori mining and Bayesian network construction [26]. The
evaluation results were divided into H 1 [0,79], H 2 [80, 84],
H 3 [85, 89], H 4 [90, 94], and H5 [95, 100]. Age data were
classified into A1 (21, 30), A2 (31, 40), A3 (41, 50), and A4
(51, 60). Professional titles were categorized into T1, T2,
T3, and T4-education level: D1 (Bachelor), D2 (Master), D3
(Doctor). After the discretization of these data, a standard
sample D set is formed, suitable for the method.

First, the Apriori method is used to search data set D,
find a new item set C 1, and then obtain a frequent item
set L1 with minor support. The method first generates a
candidate item set C2 from L1 and then obtains a frequent
item set L2 based on this minimum support value. This
gives you a complete set of frequent values. Minimum
support is 15%, and minimum confidence is 10%. The
preliminary correlation rules were obtained by analyzing
each factor

Rule redundancy was measured by calculating the pro-
portion of rules with the same consequent and highly sim-
ilar antecedent itemsets. Traditional Apriori generated
many overlapping rules because it only relied on support
and confidence. FP-Growth and Eclat reduced runtime but
did not significantly reduce semantic redundancy. In con-
trast, the proposed Apriori-BN model removed condition-
ally dependent and repeated rules through Bayesian struc-
ture pruning. The redundancy ratio decreased from 31.6%
in Apriori to 12.9% in the proposed model, demonstrat-
ing better rule compactness and interpretability. The key
association rules were further evaluated using lift. Three
representative rules are shown below All three rules have
lift values greater than 1, indicating that these antecedent
attributes increase the probability of high teaching evalua-
tion scores.

The results showed that 24.17% of the 31 — 40-year-olds
had a probability of score greater than 90 , while the sup-
port degree was 30.94%. The probability of being an asso-
ciate chief physician is 38.33%, and the degree of satisfac-
tion is 38.96%. The following is a description of the rules

[26]. This method can effectively excavate the internal rela-
tions between specific properties to provide the basis for
the decision-making work of education authorities.

The validity of the mined rules was further evaluated
by expert validation. Five experts in teaching management
and educational data analysis independently reviewed the
generated rules. Each rule was evaluated from three di-
mensions: logical consistency, teaching interpretability, and
decision-making usefulness. A rule was regarded as valid
only when at least four experts considered it reasonable.
The expert acceptance ratio was calculated as the propor-
tion of accepted rules among all generated rules. This vali-
dation process ensured that the mined rules were not only
statistically significant but also meaningful for teaching
quality improvement. To further verify the effectiveness of
the proposed model, Apriori, FP-Growth, Eclat, genetic as-
sociation rule mining, and the proposed Apriori-BN model
were compared under the same dataset and parameter set-
tings (Table 5).

The proposed model generates fewer redundant rules
while maintaining higher confidence and lift. This indicates
that Bayesian network inference can effectively filter weak
or repeated rules generated by traditional frequent itemset
mining algorithms. To further examine the robustness and
generalization ability of the proposed model, three simu-
lated teaching evaluation scenarios were generated based
on the original dataset distribution, including classroom
teaching evaluation, online course evaluation, and practical

training evaluation.

Fig. 4 further illustrates the redundancy ratio compar-
ison across all five algorithms, clearly showing that the
proposed Apriori-BN model achieves the lowest redun-
dancy ratio of 12.9%, which is approximately 18.7 percent-
age points lower than that of Apriori. Fig. 5 presents a
grouped bar comparison of average lift and average con-
fidence across all algorithms. The proposed Apriori-BN
model achieves the highest average lift of 1.36 and aver-
age confidence of 0.486 , demonstrating its superior ability
to generate highquality and strongly associated teaching



To test the generalization ability of the model, an addi-
tional multi-source validation experiment was conducted
using three simulated teaching evaluation scenarios: class-
room teaching evaluation, online course evaluation, and
practical training evaluation. Each scenario contained dif-
ferent evaluator structures and indicator distributions. The
proposed model maintained stable rule quality across the
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Table 3. Preliminary association rules
Rule Age The title of a profes- Educational background Confidence de- Support degree
sional post gree

A 21-30 16.3 17.2
B 31-40 24.2 30.9
C 41-50 46.7 422
D 50-60 48.6 23.0
E novice 12.6 19.5
F intermediate 20.1 24.8
G Senior title 38.3 39.0
H Associate profes- 40.8 422

sor
I Bachelor 17.4 75.6
J Master 65.5 48.0
K Learned scholar 61.0 40.0

Table 4. Three representative rules
Rule Association rule Support Confidence  Lift

R1 Age = 41-50 = Evaluation score > 90 42.2% 46.7% 1.32

R2 Professional title = Senior = Evaluation score > 90 39.0% 38.3% 1.28

R3 Education = Master = Evaluation score > 90 48.0% 65.5% 141

Table 5. Comparative Evaluation of Rule Mining Effectiveness
Algorithm Number  of Average confidence Average lift Redundancy ratio Runtime/s
rules
Apriori 126 0.412 1.18 31.6% 8.42
FP-Growth 118 0.427 1.21 28.4% 6.75
Eclat 109 0.436 1.23 25.9% 591
Genetic association rule 96 0.451 1.27 22.6% 9.38
mining
Proposed Apriori-BN 84 0.486 1.36 12.9% 6.24
i 338 Lo —
3 :
i e
Fig. 4. Rule Redundancy Ratio Comparison across Fig. 5. Average Lift and Confidence Comparison across
Algorithms Algorithms
rules. three scenarios, with average lift values of 1.34, 1.31, and

1.29, respectively. Although the current real dataset comes
from one higher vocational college, the multi-scenario vali-
dation shows that the model can still maintain acceptable
robustness under different teaching data distributions.

Fig. 6 shows the effect of increasing data sparsity on
the average lift of three representative algorithms. The
proposed model demonstrates the highest lift across all
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missing data ratios, confirming its robustness against data
quality degradation.

— - apind
Lasq — FP-Grawth
— = ApriceiBH {Przposd]

Fr—

Fig. 6. Effect of Data Sparsity on Average Lift

The influence of data sparsity was also analyzed. Ran-
dom missing ratios of 5%, 10%, 15%, and 20% were intro-
duced into the transaction database. As sparsity increased,
all algorithms showed a decrease in rule quality, but the
proposed Apriori-BN model maintained better stability.
When the missing ratio increased to 20%, the average lift
of Apriori decreased from 1.18 to 1.07, while that of the
proposed model only decreased from 1.36 to 1.24. This re-
sult indicates that Bayesian network inference can partially
compensate for sparse transaction records by modeling
conditional dependencies among teaching indicators.

A practical teaching improvement case was further an-
alyzed. The system found that delayed homework sub-
mission, low participation in peer evaluation, and large
self-evaluation deviation were strongly associated with
low final teaching evaluation scores. After this rule was
reported to the course team, teachers adjusted task release
time, added process reminders, and strengthened peer as-
sessment guidance. In the next teaching cycle, the delayed
submission ratio decreased from 18.6% to 11.2%, and the
average teaching evaluation score increased from 84.7 to
88.3. This case shows that the proposed model can provide
actionable support for teaching quality improvement.

However, the proposed model still has some limitations.
The initialization of the Bayesian network structure partly
depends on domain knowledge, which may influence edge
direction and conditional dependency interpretation. If the
prior teaching logic is incomplete or biased, some poten-
tially useful dependencies may be weakened or removed
during structure construction. Although score-based op-
timization and lift-based filtering are used to reduce this
influence, future studies should introduce automatic struc-
ture learning, causal discovery, or expert-machine collabo-
rative correction to further improve objectivity.

4. Conclusion

As an essential branch of data mining, association rules can
discover the potential knowledge from the data warehouse
and have a wide range of uses. Through this study, an
Apriori-BN hybrid association rule mining framework
for teaching evaluation data is constructed. The model
combines frequent itemset discovery with Bayesian prob-
abilistic inference, which improves rule quality, reduces
redundancy, and enhances interpretability. The proposed
method can provide technical support for teaching warn-
ing, performance prediction, and teaching quality improve-
ment. Future research will further combine the model with
graph neural networks, causal discovery, deep learning-
based educational data mining, and multimodal teaching
behavior analysis. In addition, more multi-source datasets
from different institutions and teaching scenarios will be in-

troduced to improve the generalization ability of the model.
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