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SUMMARY: As intelligent science and technology continue to advance, AI-enabled subject 

teaching has emerged as a vital component of school teaching. This paper applies the research 

methods of hierarchical analysis and Delphi method to analyze the indicators of AI-enabled 

subject teaching effect. First, the Delphi method was utilized to identify 3 primary indicators 

and 18 secondary indicators, while the hierarchical analysis method was employed to calculate 

and determine the weights of the evaluation indicators. And then a systematic assessment 

framework for the instructional effectiveness of AI-enabled disciplines grounded in fuzzy neural 

network was developed, with a view to providing reference for assessing the instructional 

outcomes of AI-integrated disciplines. Representative teaching samples were gathered to 

validate the reliability of the fuzzy assessment framework, and the optimal training effect was 

achieved when the model was trained for 60 times, with an error value of only 0.002355. The 

root mean square deviation of the model was 1.9432, satisfying the practical assessment 

benchmark for the instructional outcomes of AI-empowered disciplines, and is able to 

accurately reflect the comprehensive effect of AI-empowered disciplines teaching. It provides a 

new methodology for promoting the precise and scientific development of AI education 

application. 
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1 Introduction 

With the rapid advancement of artificial intelligence (AI) technology, AI-enabled subject 

teaching effectiveness evaluation has gained considerable attention as an emerging research 

focus in the domain of education, which refers to the all-round and precise evaluation and 

analysis of the classroom teaching process and students' academic engagement facilitated by 

AI technology [1-4].The emergence of AI-enabled classroom teaching evaluation for teachers 

and students has brought a lot of advantages and changes in education and teaching, especially 

in the areas of enhancing instructional efficiency, tailored learning and providing teaching 

feedback [5-7]. 

Regarding the enhancement of instructional efficiency, traditional classroom teaching 

evaluation often compels educators to dedicate considerable time on homework correction and 

assessment, which not only wastes teachers' valuable time, but also limits their teaching 

efficiency [8-10]. In contrast, AI-enabled classroom teaching evaluation for teachers and 

students can be completed quickly and accurately through an automatic correction and 

mailto:13759936328@163.com


Wang & Zhang 

2 

evaluation system, which greatly improves teaching efficiency and enables teachers to devote 

more time to teaching and instruction [11-14]. To this end, Ishaq et al [15] aimed to explore 

the cognition, experience and effectiveness of applying AI instruments in educational 

environments, and by means of a questionnaire-based survey, found that AI technology has a 

supporting role in the appraisal of instructional performance, which significantly improves the 

overall productivity of teaching and learning. Hu [16] designed AI-based teaching evaluation 

mode for the problems existing in the prevailing teaching assessment framework, and verified 

that the enhanced assessment approach showed good results and had application potential in 

improving teaching efficiency. Ma et al. [17] built a supplementary instructional system 

grounded in computer artificial intelligence and neural network, which effectively improves the 

intellectual capacity of instruction, and serves as a benchmark for enhancing instructional 

productivity. 

In terms of personalized learning, since every learner's academic capability and preferred 

learning approach vary, traditional classroom teaching evaluation can often only give a uniform 

evaluation result, which can't meet students' personalized needs [18, 19]. While AI-enabled 

classroom teaching evaluation for teachers and students can deliver tailored assessment and 

constructive feedback based on individual learners' academic situation and learning 

characteristics, helping students to discover their own strengths and weaknesses, and then 

formulate reasonable learning plans and strategies to improve their learning results [20-23]. 

Iqbal et al [24] introduced a sophisticated adaptive learning platform, which is able to 

substantially enhance the efficacy of teaching evaluation, and target students' own 

circumstances to provide personalized learning, which increased student engagement and self-

efficacy. Tyagi [25] proposed the adoption of a smart tutoring framework for personalized 

learning, highlighting the system's ability to deliver suitable instructional material in 

accordance with learners' academic requirements, progression rate, and performance evaluation 

using AI technology. Chen [26] evaluated the effect of an AI-driven individualized educational 

platform on healthcare students' academic performance, and revealing that this platform played 

an important role in improving student learning outcomes, satisfaction, and self-directed 

behaviors. 

In terms of providing teaching feedback, traditional classroom teaching evaluation often 

takes a certain amount of time to produce evaluation results and cannot provide timely feedback 

to teachers and students [27, 28]. In contrast, AI-enabled classroom teaching evaluation for 

teachers and students can provide timely feedback and suggestions by monitoring students' 

learning and classroom performance in real time, helping teachers to refine pedagogical 

approaches and techniques without delay, and helping students to rectify their academic 

mistakes promptly so as to enhance their learning effects [29-33]. Hooda et al [34] illustrated 

the important role played by AI in teaching effectiveness evaluation and feedback, which 

achieves more valid and reliable assessment results and will combine assessment and feedback 

results, laying the foundation for improved learning outcomes. Zion et al [35] proposed an 

innovative solution for gauging the caliber of instruction and learning at universities using AI 

and validated that it provides objective and scalable insights into teaching quality and pointed 

out its constraints including dependence on transcribed content and omission of non-verbal 

components. Shang [36] emphasized the significance of learner-generated responses in 

elevating the standard of pedagogical delivery and explored how language models can distill 

and transform student evaluations into adaptive, actionable insights, providing design 

guidelines for AI-enhanced feedback systems. Guo [37] specified that peer review plays a 

significant part in supporting knowledge acquisition in the composition classroom, but that 

delivering superior-quality feedback may prove demanding for students, and based on this 

development of an AI-based online peer review system, which effectively improves the 
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effectiveness and objectivity of evaluation feedback. 

Existing evaluation models are difficult to accurately evaluate the real teaching effect of AI-

enabled subjects when dealing with complex and nonlinear problems. In this study, fuzzy 

system theory is introduced to solve the above problems, and an evaluation framework of 

"hierarchical empowerment-fuzzy neural network prediction" is proposed. The framework 

adopts the fusion hierarchical analysis method for empowerment, and obtains more objective 

index weights through global optimization search. The fuzzy neural network-based effect 

evaluation model is designed to harness the robust nonlinear approximation capability of fuzzy 

neural network to autonomously learn the complex mapping relationship with the output, so as 

to accomplish the precise assessment of the instructional outcomes of AI-enabled teaching. 

Finally, relevant experiments are set up to test the efficacy of the model with respect to output 

precision and other aspects. 

2 AI-enabled subject teaching effect comprehensive 

evaluation system construction 

2.1 Principles and construction of teaching effectiveness measurement 

index system 

Consistency: the indicator system for measuring the teaching effect of AI-enabled disciplines 

is obtained from the layer-by-layer decomposition of the evaluation objectives, and is a concrete 

embodiment of the evaluation objectives, which is operable and practicable. Therefore, the 

setting of the indicator system for measuring the teaching effect of AI-enabled subjects should 

be consistent with the evaluation objectives. 

Directionality: directionality denotes the precise command of the orientation of the indicator 

framework setting, i.e., the evaluation goal cannot deviate from the ultimate goal of talent 

cultivation in colleges and universities. Therefore, when constructing the indicator system, it 

should not violate the various educational policies and guidelines of the party and the state, the 

laws of education and teaching, and the cultivation objectives of the discipline. 

Holistic: The assessment indicator framework constitutes an all-encompassing reflection of 

the teaching effect of AI-enabled disciplines, and is an organic combination of multiple 

measurement indicators. The principle of wholeness requires that we stand at the height of the 

system, consider the status and role of each indicator in the whole indicator system in a balanced 

way, reasonably determine the level and location of it, and not omit or overly emphasize a 

certain factor that leads to an imbalance in the whole indicator system. In short, when 

constructing the indicator system, it is necessary to start from the system perspective, consider 

it comprehensively, and determine the weight of each indicator reasonably. 

Independence: independence refers to the fact that the various indicators in the indicator 

system reflecting the teaching effectiveness of AI-enabled subjects must be independent of each 

other, not overlapping, not intersecting, not containing each other, or else the accuracy, 

feasibility and scientificity of the evaluation results will be directly affected. If the principle of 

independence is violated, it means that the setting of some of these indicators is duplicated and 

redundant, and the existence of these indicators not only interferes with the evaluation results, 

but also increases the workload of measurement. 

Operability: Operability requires that the evaluation indicators be simple and clear, that they 

be comparable between the evaluation objects and indicators, and that sufficient information 

can be obtained in the evaluation process. Operability determines to a considerable extent 

whether the assessment can be implemented smoothly and whether the assessment effect is 

good. 
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The AI-enabled subject teaching effectiveness assessment adopts a teacher-oriented and 

student-supplemented evaluation model, and is conducted in the form of both peer evaluation 

and feedback survey. Evaluation information is collected from teachers and students in the form 

of peer listening and questionnaire survey respectively, and after comprehensive comparison 

and analysis, objective, fair and effective evaluation results are finally obtained. However, an 

excellent intelligent teaching environment is the basic premise to enhance the overall 

performance of instructional delivery in AI-enabled subjects, whether teachers can teach well 

is a critical determinant influencing the instructional outcomes of AI-enabled subjects, and the 

core criterion for judging the pedagogical efficacy of AI-enabled subjects is whether the 

students realize the progress and comprehensive development. Based on this analysis, this paper 

will study the factors affecting the instructional outcomes of AI-enabled disciplines in colleges 

and universities across the three dimensions of smart pedagogical environment, teachers' 

teaching innovation, alongside learners' academic performance, and formulate the evaluation 

index system of the pedagogical impact of AI-enabled disciplines at higher education 

institutions is shown in Table 1. 

Table 1: The evaluation index system of the teaching effect of AI 

Primary evaluation index Secondary evaluation index 

Student learning 

Personalized goal achievement 

Knowledge mastery 

Higher thinking ability is promoted 

Learning path optimization 

Learn to focus 

Real-time feedback resolution 

Interdisciplinary ability migration 

Teacher teaching innovation 

Efficiency of smart preparation 

Accuracy teaching intervention effectiveness 

Innovation diversity of teaching methods 

Process evaluation depth 

Ergonomics and design ability 

The conversion rate of research feedback 

Intelligent teaching environment 

The ai resource precision recommendation rate 

Intelligent measurement feedback timeliness 

Man-machine interaction fluency 

Teaching decision support 

System data security 

Ai tools use coverage 

Environmental technology robustness 

2.2 Algorithm for the construction of a comprehensive evaluation system 

Hierarchical analysis [38], also known as AHP, is a decision-making approach that breaks down 

the elements linked to conditions and resolution into three tiers: goal, criterion, and program, 

on the basis of which qualitative and quantitative analyses are conducted. 

If the judgment matrix in the hierarchical analysis method has consistency, the largest 

characteristic root of the matrix max n  , and the rest of the characteristic roots are 0. Of 

course, it is impossible to require that all judgment matrices have consistency, but most of the 

judgment matrices have consistency to a certain extent, so consistency test is needed when 
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constructing the judgment matrix. The elements are integrated based on varying hierarchical 

levels to yield a multi-dimensional hierarchical structural model, which makes the problem 

explored converge to the identification of the weighting of the foundational tier relative to the 

highest level. 

(1) Step 1: Construct the hierarchical structural model. Group the included problems, each 

group as a hierarchy, and categorize them according to the uppermost, intermediate and 

lowermost layers. Put the primary tier at the top, the evaluation criteria at the middle level, and 

the significant programs that can achieve the overall objective at the bottom level. The 

hierarchical model is shown in Figure 1. 

Objectives

Guideline 1 Guideline 2 Guideline 3

Solution 1 Solution 2 Solution 3 Solution 4 Solution 5

Objective Layer

Guideline Layer

Solution Layer
 

Figure 1: Hierarchy model 

(2) Step 2: Create a judgment matrix. If individual factors in a lower level are associated 

with individual factors in a higher level, then all factors in the lower level hold a weight in the 

higher level factors. If the kA  factors in the A  level are associated with the 1 2, , , nB B B  

factors in the next level B , so that each iB  holds a weight   1,2, ,i iB i m    in kA , 

denote  1 2, , ,
T

mw     as the weight vector. 

From the ratio /i j   of the weights of the factors iB  and 
jB  in the B  layer as 

elements, the matrix M  is determined as follows: 

 ( / )i j m mM     (1) 

This results in a judgment matrix: 
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 (2) 

(3) Step 3: Hierarchical single ordering and its consistency test. For judgment matrices that 

do not satisfy consistency, it is necessary to measure its degree of consistency: 

 max

1

m
CI

m

 



 (3) 

When 0CI  , the assessment matrix is inferred to be in high coherence; otherwise, the 

evaluation matrix needs to be re-selected. Since the eigenvector corresponding to an eigenvalue 

is not necessarily unique, the normalized eigenvector can serve as the weighting vector. The 
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weighting vector can be expressed as: 

  1 2, , , mx x x    (4) 

Formal: 

 
 

1

1,2, ,i
i n

i

j

x
x i m

x


  


 (5) 

(4) Step 4: Hierarchical total ranking and consistency test. By computing the significance 

value of the relative importance of all the factors of a certain level for the uppermost tier, which 

is designated the total hierarchical ranking, this process is executed progressively from the 

superior tier to the subordinate level. 

2.3 Fuzzy systems 

A fuzzy logic system [39], also known as a fuzzy controller, is a dynamic model based on fuzzy 

rules with certain fuzzy information processing capabilities. A fuzzy logic system consists of 

four parts: a fuzzy generator, a fuzzy rule base, a fuzzy inference engine and an anti-fuzzy 

engine. The logical schematic of the fuzzy logic system is shown in Fig. 2: 

Knowledge Base

Fuzzy Inference 

Engine

Controlled 

Object

Fuzzy Interface
Defuzzification 

Interface

Actual Control

Process Outputs

 and States

Exact Values

Fuzzy 

Values

Fuzzy 

Values

 

Figure 2: Fuzzy logic system 

2.4 Effectiveness evaluation model based on fuzzy neural network 

2.4.1 Fuzzy Neural Network Fusion 

Fuzzy systems and neural networks are combined to generate fuzzy neural networks [40], 

whose inherent nature is to transform the neural network into a fuzzy input signal with fuzzy 

weights after the fuzzy system processes it during the input process, and ultimately make the 

output of the neural network possess an anti-fuzzy, which is said to be a more intuitive and 

effective value. In more detail, within the fuzzy neural network, the input and output of the 

neural network correspond to the input and output of the fuzzy system, and the fuzzy system's 
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affiliation function and fuzzy rules are added to the implied nodes of the neural network, which 

fully leverage the concurrent processing capacity of the neural network and the inferential 

capability of the fuzzy system. 

There are three common ways of fusion of fuzzy control and neural network: 

(1) Neural network driven fuzzy inference 

(2) Neural network optimizes fuzzy controller parameters 

(3) Neural networks memorize fuzzy control rules 

The integration of fuzzy control and artificial neural networks is fundamentally grounded 

in the use of deep learning algorithms of neural networks, such as BP neural network (BP), 

radial basis function (RBF), combined with the designed fuzzy system of the affiliation function 

and the rule set, to automatically adjust the thresholds of the network nodes, to make up for the 

shortcomings of the fuzzy system that can only rely on the empirical design of the parameters, 

and to realize the fuzzy system's self-learning and self-adaptation, and at the same time, the 

fuzzy Concurrently, the fuzzy neural network also supports the adjustment of the internal 

structure of the network to make it more consistent with the operational demands. At present, 

the more utilized and more typical fuzzy neural networks generally utilize the second fusion 

method, neural network optimization fuzzy neural network, also called arithmetic fuzzy neural 

network. 

2.4.2 Structure of a typical fuzzy neural network 

A typical fuzzy neural network is formulated according to the working process of a fuzzy 

system, which is structured as a neural network that functions as a fuzzy system, a neural 

network with fuzzy weight coefficients or an input signal that is a fuzzy quantity, i.e., fuzzy 

reasoning is carried out through the neural network. In this paper, BP fuzzy neural network is 

used and the fuzzy neural network is divided into 5 layers. 

The first layer is the input layer, the number of input nodes is the number of input variables, 

in this layer, the input is the true and precise magnitude of the data. 

The second layer is the input variable defuzzification layer, in each node includes the 

affiliation function of each input variable in order to fuzzy the input variables. 

The third and fourth layers are the fuzzy inference layers of the fuzzy neural network. The 

third layer is called the "with" layer, where the number of nodes is the number of fuzzy rules of 

the network; the fourth layer is called the "or" layer, which is fully connected to the third layer 

and contains the weights of each fuzzy rule. 

The fifth layer is the defuzzification layer, also called the clarification layer, which aims to 

transform the output of each node in the fourth layer into visualized output variables. 

2.4.3 Constructing an evaluation model based on fuzzy neural networks 

Fuzzy neural networks have been extensively applied in the domain of evaluation models in 

recent years, and the effect evaluation model based on fuzzy neural networks has been 

implemented across the fields of economy, heating corridor, agriculture and mining. It has been 

proved that the effect evaluation model grounded in fuzzy neural network is more scientific, 

objective and reasonable than the traditional evaluation. It not only inherits many advantages 

of the fuzzy system-based effect evaluation model, such as strong systematicity and 

applicability to non-quantitative complex problems, but also makes up for the shortcomings of 

its artificial intervention and slow inference speed by using artificial neural networks, realizes 

the self-adaptation and self-learning of the effect evaluation model, and enhances the 

assessment precision of the model. 

To establish the effect evaluation model based on fuzzy neural network, it is necessary to 

establish the scope of the evaluation object, the scope of the assessment level, the affiliation 
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function, determine the architecture of the neural network, and establish the defuzzification 

function, etc. The general steps are as follows: 

(1) Establish the evaluation object domain, also called the evaluation object indicator set, 

the evaluation indicator set generally includes several characteristics and performance of the 

evaluation object, which can be used to describe the attributes and performance of the 

evaluation object and transform it into a quantitative model. The purpose of establishing the 

evaluation object domain is to establish an effect evaluation system, so that it can ultimately 

comprehensively reflect the quality of the evaluation target. 

(2) Establish the evaluation grade domain, also known as the object evaluation set. By 

reasonably dividing the change intervals of the evaluation objects, determine the functional area 

of each evaluation index. Generally speaking, it is a relevant collection of comments, such as 

"good", "bad", "average", etc. The evaluation grade domain should also have a quantitative 

expression method. 

(3) Through the establishment of the index of the affiliation function, i.e. the establishment 

of the fuzzy mapping from U  to V . The ultimate goal is to utilize the domain of the 

evaluation mechanism determined in the last time, and choose the suitable affiliation function, 

which can make the evaluation index tend to be quantitative from qualitative. 

(4) Artificial neural network algorithms are essential for the construction of fuzzy neural 

networks. By artificially determining the weightings of the indicators in the original fuzzy 

evaluation system and the related fuzzy synthesis function, this can minimize the artificial 

interference, and can be more objective and adaptive operation. In this process, it is also ensured 

that the neural network nodes can have the attributes of affiliation function and fuzzy inference 

within the fuzzy system, which ensures that the fuzzy system can be combined with the artificial 

neural network with each other. 

(5) Through the establishment of the inverse fuzzy function, the resultant output of the 

network can be transformed into a more intuitive evaluation target, so that the evaluation level 

of the effect can be determined. 

(6) The final goal is to realize the function of arithmetic, through the use of certain basic 

data for debugging and training of the network, in the process, a series of adjustments can be 

made to the evaluation indexes, the affiliation function, and the network connection weights, 

and so on, to finally determine the effect evaluation model. 

The establishment of a comprehensive evaluation framework of the instructional outcomes 

grounded in fuzzy neural networks is shown in Figure 3. 
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Figure 3: Fuzzy neural network process 

3 Evaluation results of teaching effectiveness of AI-enabled 

subjects 

3.1 Screening and weighting of evaluation indicators 

3.1.1 Screening of evaluation indicators 

With the aim of satisfying the demands of the research, the author recruited 25 experts and 

professors from higher education institutions who have been engaged in teaching for many 

years and have rich theoretical knowledge and professional knowledge, in order to improve the 

credibility of the data as well as the authority of the selected indicators. 

Positive coefficient refers to the recovery situation after the questionnaire is issued, the use 

of the questionnaire fill in the recovery rate to indicate that the experts fill in the questionnaire 

positive degree, according to the review of the literature, when the questionnaire fill in the 

recovery rate of more than 70%, the experts are more positive, a total of four rounds of 

questionnaires, the four rounds of questionnaires issued by the high recovery rate, the first three 

recovery rate of 100%, the fourth round of the recovery rate of 96%, the data show that the 

chosen 25 experts were highly motivated. 

The Delphi method was employed to filter the indicators, thereby deriving the weightings 

of the indicators and allocating the respective values. According to the Likert 5-level scale, the 

selected indicators were distributed to the experts for review and scoring, and the results of the 

feedback from the experts were comprehensively analyzed through SPSS, and the indicators 
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whose mean values and coefficients of variation exceeded the acceptable threshold were 

excluded, and the first-level and second-level screening scores were shown in Tables 2 and 3, 

respectively. In the initial screening process of the indicators, the mean value and coefficient of 

variation of the primary indicators are reasonable and unanimously recognized by the experts, 

indicating that the degree of coordination among the experts is more consistent. It can be 

concluded that the first-level indicators selected for the AI-enabled disciplinary teaching effect 

evaluation system have a certain degree of reliability, representativeness and authority, 

indicating that the selected first-level indicators can serve as the assessment indicators for the 

teaching effect of AI-enabled disciplines. The coefficients of variation of the two indicators of 

interdisciplinary competence migration and the conversion rate of scientific research feeding 

teaching in the second-level indicators are, respectively, and the coefficients of variation are 

beyond the reasonable range, so they are deleted. 

Table 2: Primary index screening score 

Primary indicator 
Mean 

value 

Standard 

deviation 

Variation 

coefficient 

Revise 

opinion 

Student learning 4.358 0.744 0.1712 Nothing 

Teacher teaching innovation 4.718 0.468 0.0995 Nothing 

Intelligent teaching environment 4.895 0.369 0.0789 Nothing 

Table 3: Secondary index screening scores 

Primary indicator 
Mean 
value 

Standard 
deviation 

Variation 
coefficient 

Revise opinion 

Personalized goal achievement 4.525 0.511 0.1112 Nothing 
Knowledge mastery 4.785 0.411 0.0895 Nothing 

Higher thinking ability is promoted 4.425 0.498 0.1115 Nothing 
Learning path optimization 4.788 0.754 0.1051 Nothing 

Learn to focus 4.358 0.744 0.1712 Nothing 
Real-time feedback resolution 4.718 0.468 0.0995 Nothing 

Interdisciplinary ability migration 3.185 0.541 0.2451 
Recommended 

deletion 
Efficiency of smart preparation 4.891 0.523 0.1232 Nothing 
Accuracy teaching intervention 

effectiveness 
4.762 0.584 0.1032 Nothing 

Innovation diversity of teaching 
methods 

4.546 0.715 0.1054 Nothing 

Process evaluation depth 4.723 0.624 0.1122 Nothing 
Ergonomics and design ability 4.541 0.541 0.0954 Nothing 
The conversion rate of research 

feedback 
3.213 0.758 0.2541 

Recommended 
deletion 

The ai resource precision 
recommendation rate 

4.185 0.784 0.0841 Nothing 

Intelligent measurement feedback 
timeliness 

4.269 0.758 0.0758 Nothing 

Man-machine interaction fluency 4.754 0.654 0.1542 Nothing 
Teaching decision support 5.000 0.669 0.1423 Nothing 

System data security 4.177 0.439 0.1325 Nothing 
Ai tools use coverage 4.518 0.486 0.1144 Nothing 

Environmental technology robustness 4.777 0.574 0.1111 Nothing 
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3.1.2 Assignment of weights to indicators 

Using the value as a scale, the weightings of the various indicators are computed, and grounded 

in the key grades proposed by the experts, the proportion of each indicator in the evaluation 

index is derived, resulting in the evaluation matrix. Indicators are determined through the search 

of relevant literature and the direct and indirect experience of the experts and scholars 

interviewed, in the evaluation matrix, the selection of evaluation indicators there are subjective 

factors; in order to avoid the selection of indicators deviated from the results of the study, the 

basis of the judgment matrix was selected as the mean stochastic average consistency parameter 

of the RI. In the consistency test of the indicator system, usually take CR = CI / RI method, the 

resulting data results should be in the range of 0-0.1, then the judgment matrix weights of the 

indicators at all levels of the constructed indicators are consistent and scientific. "CI" is the 

consistency index of the constructed judgment matrix. 

The AHP approach was employed to allocate and distribute the assessment results of the 

indicators retained by the expert feedback, and a set of more scientific, reasonable and operable 

indicator system was established. Furthermore, the coherence examination was carried out on 

the selected primary indicators and secondary indicators separately. Table 4 and Table 5 present 

the outcomes of the coherence verification for the primary indicators and secondary indicators, 

respectively. The CR figures of the primary indicators and secondary indicators stand at 0.009 

and 0.059 respectively, which are within the range of 0-0.1, and the test is passed. After the test 

is passed, the indicator assessment results are weighted and assigned, and the results of the 

calculation of the weights of the primary indicators and secondary indicators are presented in 

Tables 6 and 7, respectively. 

Table 4: The results of the first level index conformance test 

 Maximum eigenvalue CI RI CR Consistency test results 

Primary indicator 4.024 0.008 0.895 0.009 Pass 

Table 5: Test of consistency of secondary indexes 

 Maximum eigenvalue CI RI CR Consistency test results 

Primary indicator 9.451 0.085 1.44 0.059 Pass 

Table 6: The results of the primary index weight calculation 

Primary indicator Weight 

Student learning 0.3345 

Teacher teaching innovation 0.3541 

Intelligent teaching environment 0.3114 
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Table 7: Second grade index weight calculation results 

Second grade index Weight 
Personalized goal achievement 0.2541 

Knowledge mastery 0.1125 
Higher thinking ability is promoted 0.1365 

Learning path optimization 0.1854 
Learn to focus 0.1542 

Real-time feedback resolution 0.1573 
Efficiency of smart preparation 0.1854 

Accuracy teaching intervention effectiveness 0.2268 
Innovation diversity of teaching methods 0.1843 

Process evaluation depth 0.1658 
Ergonomics and design ability 0.2377 

The ai resource precision recommendation rate 0.1234 
Intelligent measurement feedback timeliness 0.1523 

Man-machine interaction fluency 0.1621 
Teaching decision support 0.0895 

System data security 0.1458 
Ai tools use coverage 0.1854 

Environmental technology robustness 0.1415 

 

The selected indicators were disseminated to the interviewed experts and scholars via 

questionnaires, and following expert scoring judgment, as well as coherence verification and 

formulation of the assessment matrix, the precise weightings of the selected indicators for 

gauging the instructional outcomes of AI-enabled disciplines were finally derived. The specific 

indicator weights are shown in Table 8. The most heavily weighted of the primary indicators is 

teacher teaching innovation, with a weight value of 0.3541, and the most heavily weighted of 

the secondary indicators is personalized goal achievement, with a weight value of 0.2541. 

Table 8: The specific weight of the evaluation index of teaching effect 

Primary evaluation index Secondary evaluation index 

Student learning (0.3345) 

Personalized goal achievement (0.2541) 
Knowledge mastery (0.1125) 

Higher thinking ability is promoted (0.1365) 
Learning path optimization (0.1854) 

Learn to focus (0.1542) 
Real-time feedback resolution (0.1573) 

Teacher teaching innovation 
(0.3541) 

Efficiency of smart preparation (0.1854) 
Accuracy teaching intervention effectiveness (0.2268) 

Innovation diversity of teaching methods (0.1843) 
Process evaluation depth (0.1658) 

Ergonomics and design ability (0.2377) 

Intelligent teaching 
environment (0.3114) 

The ai resource precision recommendation rate (0.1234) 
Intelligent measurement feedback timeliness (0.1523) 

Man-machine interaction fluency (0.1621) 
Teaching decision support (0.0895) 

System data security (0.1458) 
Ai tools use coverage (0.1854) 

Environmental technology robustness (0.1415) 
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3.2 Analysis of subject teaching evaluation based on fuzzy information 

3.2.1 Model sample collection and preprocessing 

The model sample data mainly come from the first-year students of a university in X city, and 

the sample is recruited through the organization of summer public welfare training, and in order 

to guarantee the scientific and usefulness of the model construction, the ensuing instructional 

experiment samples are also for the local first-year students to conduct the experiment. 

Before modeling, preprocessing the collected sample data is necessary. Since the collected 

data sources are complex and in different formats, the raw data may have noise and missing 

values due to manual errors or technical problems, and since the algorithms cannot run with 

incomplete or noisy data, data preprocessing is very important in order to strengthen the 

robustness of the model to achieve high-quality prediction and evaluation functions. Data 

preprocessing is performed in three main areas: missing value processing, outlier detection and 

processing, and data smoothing. Missing value is the most likely problem of raw data collection, 

once the system or machine collecting data is stuck or stops working for some reasons, it is the 

cause of data loss, and currently the main use of discard, replacement, interpolation and 

extrapolation are indeed data processing. Outliers are data that are greater than twice the 

standard deviation of the mean of the data set and are considered outliers. 

Outlier data detection and data processing with replacement can be performed by the 3σ 

principle of normal distribution or by drawing box plots. The purpose of data smoothing is to 

diminish the data noise and make the model calculations more accurate. The data collected in 

this study have been pre-controlled for missing values, so the study focuses on preprocessing 

the sample data to resolve outliers and reduce data noise. The graphs of the comparison of 

learning achievement data and the comparison of learning hours data after preprocessing are 

shown in Figures 4 and 5, respectively. 

The gray lines in the picture are the data situation after outlier processing, and the green 

lines are the original input data. The outlier processing here uses spline interpolation to fill in 

the outliers, using the median in the data to define the outliers, and the threshold factor is set at 

4. This method uses smooth curves to interpolate, which enables the data to have a better stable 

line and smoothness. The smoothing method formulated for smoothing the processed data is to 

move the median and define the smoothing factor as 0.30.The processed part of the data is 

shown in Table 9. 
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Figure 4: Comparison of academic achievement data 

 

Figure 5: Learning duration data contrast 
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Table 9: Abnormal values and smooth processing data 

N Data 

1 38.0000 83.5000 41.0000 1.7000 

2 24.0000 58.5000 28.0000 4.1521 

3 23.0000 62.5000 18.5000 5.1245 

4 39.5000 81.5000 17.0000 22.0000 

5 38.5000 83.5000 28.0000 3.5412 

6 5.5000 62.0000 47.5000 6.5451 

7 22.5000 46.0000 25.0000 12.0000 

8 56.0000 48.0000 5.0000 25.0000 

9 47.0000 65.0000 33.0000 26.0000 

10 12.0000 34.0000 41.0000 28.0000 

 

Inputting the collected data into the ANFIS neuro-fuzzy system, the data must be 

normalized to eliminate redundant and inconsistent dependent data and to protect the data. The 

basic normalized data processing method was used in this study. The normalized partial data 

are shown in Table 10, and the values of normalized data are in the range of [0,1]. The 

commonly used ratio of training and testing samples is 4:1, and the total sample data has been 

subjected to data randomization beforehand, so here the first 300 sample data are used as 

training samples and the remaining 100 data are used as testing samples. 

Table 10: Sample size is normalized 

N Data 

1 0.5346 0.8745 0.4215 0.6212 

2 0.3546 0.5846 0.3215 0.5460 

3 0.3245 0.6321 0.2165 0.5321 

4 0.2845 0.7845 0.3258 0.7845 

5 0.5361 0.8542 0.5269 0.9561 

6 0.5489 0.9123 0.3106 0.8215 

7 0.0681 0.6254 0.0894 0.8211 

8 0.2546 0.3954 0.3658 0.4652 

9 0.8156 0.4432 0.4564 0.6258 

10 0.6425 0.6521 0.4159 0.5999 

3.2.2 Evaluation model training and testing 

Evaluation of the model training area can be optimized by selecting the choice of training 

algorithm, error accuracy and the number of training parameters of the neuro-fuzzy system, in 

which the training algorithm mainly includes BP algorithm and hybrid algorithm, error accuracy. 

In this study, the hybrid learning algorithm is selected for model training, the initial number of 

training times is set to 20, the data type is selected in the data loading area, the Training type is 

selected, and all other variables remain unchanged, and the training results are shown in Table 

11, which reveals that the model training error is 0.034254 for 20 times, but the model error is 

still decreasing after 20 training iterations, so 20 training times is not the most suitable number 

of training iterations. Therefore, 20 training times is not the most appropriate number of training 

iterations; this study continues to adjust the number of training times, the ultimate number of 

training iterations for 60 times when the data error is minimized, the error value is 0.002355, 

so 60 training times for the most appropriate number of training iterations. 
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Table 11: Error value of different model training times 

Training frequency Error (RMSE) 

20 0.034254 

25 0.025451 

30 0.022514 

35 0.018541 

40 0.008412 

45 0.004513 

50 0.003857 

55 0.002578 

60 0.002355 

65 0.002355 

 

After completing the training of the neuro-fuzzy model, the model needs to be tested by 

comparing the outputs in the neuro-fuzzy network with the training sample data TRAINING 

dataset and the testing sample data TESTING dataset, and fitting the predicted data to the actual 

data using the Training data and Testing data in the Test FIS workspace, respectively. The results 

of fitting the training sample dataset and testing sample dataset in MATLAB are presented in 

Fig. 6 and Fig. 7 respectively. 

The graphs represent the predicted vs. actual data fitting plots for the training set and test 

set. The average test error size between the predicted and actual values of the training set is 

0.00023658 and the average test error size between the predicted and actual values of the test 

set is 1.5477, as the average test error size of the training set is less than that of the test set, the 

reason for the existence of this may be that there is not enough sample data in the test set. To 

further verify the validity of this model, the correlation coefficient method and the root mean 

square error method were used to assess the precision of the model between the predicted values 

and the actual values in the test set. The correlation coefficient method can analyze the 

relationship between the actual values and the predicted values, spanning an interval of [0,1]. 

The larger the correlation coefficient, the closer the connection between the actual values and 

the predicted values, indicating that the model accuracy is higher. The predicted value is 

relatively reliable. The smaller the correlation coefficient, the looser the connection between 

the actual value and the predicted value, indicating that the model accuracy is low and the 

predicted value is relatively unreliable. The study used MATLAB to calculate the correlation 

coefficient, which was 0.1947, within the range of [0,0.3], showing weak correlation. The root 

mean square error is one of the indicators for measuring the accuracy of a variable. It is the 

square of the root mean square difference between the actual value and the predicted value, 

which can track the dispersion degree of the data sample. The smaller the root mean square 

error, the higher the accuracy of the model; conversely, the diminished the accuracy of the 

model. The study used MATLAB to calculate the correlation coefficient and the root mean 

square error, and the result of the root mean square error calculation using MATLAB was 

1.9432. The predicted value of this neuro-fuzzy model is basically in line with the actual data, 

and it can meet the standard of predicting and evaluating the learners' learning achievement, 

although there is a certain degree of error, but the study will continue to expand the amount of 

sample data through the collection of data from teaching experiment and improve the model to 

improve its prediction accuracy. The algorithm model will be saved as a .fis file with the name 

of ANFIS, which will provide fuzzy information-based evaluation model support for 

subsequent teaching practice. 
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Figure 6: The sample number is based on the set 

 

Figure 7: The test sample is calculated according to the set 

4 Conclusion 

This study designs an evaluation system of teaching effect of AI-enabled disciplines, which can 

quickly and reasonably quantitatively analyze the teaching effect of AI-enabled disciplines and 

provide a reasonable basis for further optimizing the teaching program. 

Through expert consultation and indicator assignment based on hierarchical analysis, it is 

found that in the teaching effect of AI-enabled disciplines, the proportion of indicators of 

teacher teaching innovation dimension is better than that of smart teaching environment and 

student learning effectiveness dimension, which indicates that experts generally believe that 

whether teachers can utilize AI tools to change the teaching mode is the key to evaluating the 

effect of AI-enabled at the current stage. Therefore, in the process of promoting the application 
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of AI education, colleges and universities should strengthen the construction of teachers' 

teaching innovation dimension, and comprehensively improve teachers' human-machine 

collaborative instructional design ability and data-driven teaching ability through systematic 

training and community of practice construction. 

At the same time, it must be recognized that teacher teaching innovation does not exist in 

isolation, a strong intelligent teaching environment is the technological cornerstone to support 

teachers to carry out innovation, and to improve student learning effectiveness is the ultimate 

destination of all teaching innovation, the future construction should adhere to the strategy of 

synergistic progress of the three. 

The trained teaching effectiveness evaluation model transforms fuzzy concepts such as 

“good effect” into computable parameters, and the root mean square error of the trained fuzzy 

evaluation model is 1.9432, which is accurate enough to reach the standard of predicting and 

evaluating the teaching effectiveness of AI-enabled subjects. It proves its effectiveness in 

dealing with complexity and uncertainty problems. Guiding the deep integration of technology 

and education makes the teaching effect of AI-enabled subjects move towards the road of high-

quality development. 
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