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ABSTRACT

With the promotion of online education, the adaptive learning system has attracted attention due to 
its good curriculum recommendation function. The student model is an important interface between 
the adaptive learning system and the user, reflecting the individual characteristics, knowledge status, 
and cognitive ability of the student. The accuracy of the information in the student model directly 
affects the quality of the system recommendation service. The traditional student model only judges 
students based on the basic information and simple test scores. This paper introduces the self-
adaptive item bank and adaptive item selection strategy based on the cognitive diagnosis theory that 
dynamically detects the students’ knowledge and analyzes the state according to the answering habits 
and knowledge mastering status of different students. This paper analyzes and contrasts a variety of 
traditional cognitive diagnosis theories and proposes a mixed cognitive diagnosis question bank and 
a selection strategy model to provide strong support for the construction of student models.
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1. INTRODUCTION

In recent years, with the popularization of Internet technology, major changes have taken place in the 
education field (Martin & Ndoye, 2016). Online learning has broken through the limitations of time 
and space, making knowledge acquisition more flexible. More users are no longer relying solely on 
offline physical classroom learning. Online education has solved the problem of sharing educational 
resources and greatly optimized the allocation of educational resources (Dietz-Uhler B& Hurn, 2013).

Adaptive learning system fully takes advantage of machine learning and data mining, and has a 
good curriculum of self-adaptive recommendation, providing adaptive learning content and learning 
paths for different learners. Therefore, it has received extensive attention from the education community 
and the computer industry. Peter Brusilovsky first proposed the concept of adaptive learning in 1996 
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(Brusilovsky, Eklund J & Schwarz, 1996) and proposed a general-purpose model for an adaptive 
learning system. The picture in Figure 1 presents the general model of an adaptive learning system. 
Overseas has also developed InterBook, ELM-ART (Brusilovsky, Schwarz, Weber & 2001), iWeaver 
(Wolf C, 2007), AHA! (De Bra,2007) and other adaptive learning systems.

In the universal model, the student model is used to represent the learner’s current knowledge 
status, cognitive level, and hobbies. Through summarizing and analyzing the existing student models 
(Peter, Sibel& Julio Guerra, 2015), it provides an important basis for the recommendation of the 
engine based on the adaptive learning system recommendation. The accuracy of the statistics and 
analysis of the data directly affects the quality of the system recommendation service. However, in 
the previous studies, most of the student model construction process mainly considers the learner’s 
basic information. The study of the learner’s cognitive level often uses the static test database or the 
traditional Computer Adaptive Testing (CAT), and cannot use the test database dynamically (Alrifai, 
Gennari &Tifrea, 2012).

However, candidates with the same or similar scores (capabilities) may also have different 
cognitive states and different knowledge processing processes. Cognitive Diagnosis (CD) was 
therefore applied.

The difference between cognitive diagnosis theory and traditional CAT is that it does not provide 
a single score as the subject’s overall assessment (Lee, 2013), but rather pays more attention to the 
subject’s individual condition - its knowledge structure. The current research on cognitive diagnosis 
theory focuses more on the learning and improvement of algorithms and the basic research of theories, 
and it is less applied to the specific process of educational learning (Didik, 2014).

Figure 1. The general model of an adaptive learning system
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Therefore, this paper proposes a CAT hybrid model based on cognitive diagnosis theory(H-
CD). According to the actual situation of the learner, the fixed question bank and the question bank 
exist simultaneously, and has a dynamic selection strategy, which is based on the learner’s different 
knowledge structure. The test database dynamically updates the student model, providing an effective 
guarantee for the adaptive system dynamic recommendation.

2. CD-CAT

2.1. Commonly Used Cognitive Diagnostic Models
By 2007, there are more than 60 kinds of cognitive diagnostic models. More representative of the 
cognitive diagnosis model are: Linear Logistic Test Model (LLTM), Rule Space Model (RSM), 
Deterministic Input, Noisy-And gate Model (DINA), Noisy Input, Deterministic-And gate Model 
(NIDA), Fusion Model (FM), Attribute Hierarchy Model (AHM) (Yamaguchi &Okada, 2018).

Among them, the RSM model expresses the respondent’s response to the project as an attribute 
mastering model, which is associated with a cognitive skill. One of the assumptions of the model is 
that one can use a certain cognitive attribute to describe the test item, or use a set of attribute control 
patterns to represent the knowledge structure of the testee. This kind of attribute control model is 
usually not easily observed. And this unobservable cognitive property can be characterized by some 
observable item response pattern (Johnson & Sinharay, 2018).

The AHM model is an important variant of Tatsuoka’s regular space model, proposed by Leighton 
et al. in 2004. The difference between AHM and RSM lies in the fact that AHM emphasizes the need 
to first determine the hierarchical relationship between cognitive attributes and to perform other tasks 
on the premise of correctly identifying attribute-level relationships (Jaywant, Toglia, &Gunning, 
2017). Therefore, AHM is more logical. And the hierarchical compatibility of the attributes can be 
verified by the Hierarchical Compatibility Index (HCI).

The DINA model adds the error and guess parameters of the item itself to the item-attribute 
parameter. The error parameter refers to the probability that the subject has mastered the attributes 
of the item and answered the question incorrectly. The guessing parameter refers to the probability 
that the subject did not fully grasp the attributes of the item but answered the question.

2.2. CD-CAT
Computer Adaptive Testing (CAT) refers to the use of a computer as a medium, in accordance with 
the different conditions of learners, from the system to select the most suitable question for the learner 
to answer questions, test the candidates, and automatically test the learner test results of a test form. 
General CAT consists of several parts: Item Bank, Starting point, Parameters Estimate and Items 
Selection Method.

The difference between cognitive diagnosis theory and traditional CAT is that it does not provide 
a single score as an overall assessment of the subject, but rather pays more attention to the subject’s 
individual condition - its knowledge structure. The scope of assessment of cognitive diagnosis 
generally includes the subject’s individual knowledge structure, processing process or cognitive 
process, which can all be referred to as attributes. The cognitive results are generally presented in 
the form of reports. Mislevy R.J believes that the theory of cognitive diagnosis is a new generation 
of test theory following the standard test theory, which is a combination of cognitive psychology and 
modern measurement. It is the future direction of adaptive testing. The picture in Figure 2 presents 
the unified model of CD-CAT.

Entry level evaluation module: In general, CD-CAT has two methods for selecting topics, one 
is not considering the attributes of the questions, and all subjects’ initial questions are randomly 
selected from the question bank. The other is to consider item attribute vector factors, for example, 
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to randomly generate a subject with some initial knowledge state, and then use the title strategy to 
select the first item based on this randomly generated knowledge state.

Project selection module: The project selection module is the core component of CAT and reflects 
the personalization and intelligence of the test. Among the CD-CAT methods, Kullback-Leibler 
(KL) and Shannon Entropy (SHE) have relatively good experimental results and high-test accuracy. 
Therefore, this article mainly implements these two selection strategies for researchers to use.

Scoring module: Scoring module is an important part of CD-CAT system. Section 2.1 of this 
article is a common method introduction.

Terminate evaluation module: CD-CAT termination rules also have fixed length and variable 
length two. In the fixed length of CAT, each subject received the same number of items to test, the 
system is easy to achieve, test length can be flexible control, from the concept point of view is also 
more traditional, easy for people to accept.

3. CONSTRUCTION OF CAT HYBRID MODEL 
BASED ON COGNITIVE DIAGNOSIS

3.1. CAT Hybrid Item Bank Design Based on Cognitive Diagnosis
The item bank serves as the basis for the selection strategy and plays an important role in the adaptive 
test results.

Hybrid item bank will include fixed question bank and sub-question bank. Among them, the fixed 
question bank is based on basic information, and the classification question bank is distinguished 
by different categories.

In addition to the content of traditional options and the correct and incorrect scores, each question 
will determine the learner’s ability in different cognitive states and different knowledge processing. 
Each item responds to at least one or all of its abilities. The entire class of subjects must achieve full 
capacity coverage and must not be omitted.

The test is generally conducted by selecting the title of the fixed question bank and the order of 
the questions after the ranking question bank.

Figure 2. A unified model of CD-CAT



International Journal of Digital Crime and Forensics
Volume 12 • Issue 4 • October-December 2020

24

3.2. CAT Hybrid Selection Strategy (H-CD) Model Based on Cognitive Diagnosis
Whether it is a common simple model, such as RSM model, AHM model or a more complex model, 
such as a unified model, there are more or less limitations. The simple model has fewer parameters 
and the description of psychological phenomena is not enough, so it is difficult to expand the design. 
Complex models are faced with the problem that the parameters cannot be estimated and the model 
is difficult to implement and apply.

In order to solve the above problems, this paper adopts an adaptive hybrid model with relatively 
complete parameters. The adaptive hybrid model not only has a complete parameter system, but also 
has parameters that can be estimated and the model is simple to implement. Through the probability 
formula, the model establishes the relationship between items and attributes. Through the probability 
formula, we can get the project’s expected response pattern, and then carry out cognitive diagnosis. 
The comprehensive model is shown in Equation (1), Equation (2), Equation (3):
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It means that the subject correctly reflects the probability of item i without mastering all attributes:

•	 Cj: It is an index to investigate the completeness of the Q matrix:
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It indicates the probability that the subject correctly used attributes not included in the Q matrix.
From this, it can be seen that the comprehensive model uses a series of parameters to 

characterize the completeness of the Q matrix, the probability of students’ mistakes in answering, 
and the residual ability, which is a very complete model. The model completes the estimation of 
the student’s knowledge state, describes the relationship between the project and each attribute, 
and its parameters can be identified.
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4. STUDENT MODEL CONSTRUCTION BASED ON CAT HYBRID MODEL

4.1. Student Model Introduction
The student model is a data structure used to represent the learner’s current knowledge state in the 
adaptive learning system, reflecting the student’s individual characteristics, knowledge state, and 
cognitive ability. The accuracy of the information in the student model directly affects the quality of 
the system recommendation service. In order to improve the portability of student data, data sharing 
between different systems is facilitated, while ensuring the privacy, security and integrity of student 
data (Alrifai, Gennari &Tifrea O, 2012).

The picture in Figure 3 presents the workflow diagram of the student model. The test section is 
the main discussion part of this article and plays a very important role in the overall curriculum vitae.

The basic student model construction process is as follows:

Step 1: After the first registration, the basic information is collected. On the one hand, it is used to 
build a static model for students.

Step 2: Students can select content learning and test after login to the system. Students’ behavior 
data is collected during the learning process to record the current learning progress and update 
the knowledge status data.

Figure 3. The workflow diagram of the student model
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Step 3: When students finish the current content, they need to answer the corresponding test questions.
Step 4: If students have already learned something, they can go directly to the test session and avoid 

wasting time.
Step 5: After the students complete the learning or testing session, they dynamically update the model 

based on the learning behavior and cognitive level data.
Step 6: Finally, the updated model data is stored in the student database to facilitate subsequent 

system calls.

In order to build a personalized learning model, we must first fully respect the differences in 
learners’ cognitive level. Secondly, the student model data items need to dynamically express different 
learning styles and learning tendencies that different learners exhibit in learning activities. In this 
paper, the ability requirements of learners in the special field will be based on the understanding, 
application, analysis, synthesis and evaluation of the basic subjects.

The price and creation of the six cognitive level standards are important indicators for the 
construction of the learner model.

4.2. The Student Model Based on H-CD
The adaptive test section can be divided into two scenarios. The picture in Figure 4 presents the data 
items and storage structure of the student model:

Figure 4. The data items and storage structure of the student model
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1. 	 Learners register for the first time: Open the fixed question bank immediately when registering 
for the first time. The fixed question bank will contain basic learner information such as age and 
gender. When the fixed question is answered, start the question bank. Take the age grading as an 
example. For example, if the learner selects the option “0-5 years old”, the title is selected from 
the corresponding grading question bank. If the answerer’s 80% title error or 80% is correct, 
automatic downgrade or upgrade continues to select. Initial test scores will be saved at all times;

2. 	 Learner’s learning course test: According to the initial test scores, the entity in the question 
bank is cold-started, and the question bank and learner status information are dynamically 
updated according to the established CAT hybrid choice questioning strategy model based 
on cognitive detection.

In addition to affecting the function of the adaptive engine recommendation part of the adaptive 
learning system, the test results will also generate radar maps based on learner competence.

There are not enough historical data on new articles to train model which leads to algorithms 
like collaborative filtering have a poor performance. Content-based recommendation algorithms can 
mitigate this problem.

5. EXPERIMENTAL RESULTS

In order to verify the hybrid (H-CD) model proposed in this paper, we conducted an experimental 
analysis using the developed CD-CAT system.

Based on science experiment classes for children aged 5-12 years and elementary schools, 
the curriculum consists of 256 sessions. According to 8 different age groups, each age group is 
divided into 16 sections for introduction class A and advanced class B. Each class corresponds 
to 20 question bank test questions, a total of 5120 questions. The topics are all single-choice 
questions. According to the analysis of the curriculum, according to the requirements of cognitive 
diagnostic theory, each question corresponds to one of the six cognitive abilities of “remember,” 
“understand,” “analysis,” “apply,” “evaluate,” and “create.” The 20 questions corresponding 
to each lesson cover all six cognitive abilities. All the tested items are strictly inspected and 
designed by the cooperative schoolteachers. Therefore, the quality of the project, the distribution 
of each ability level, and the determination of attributes and hierarchical structure all meet the 
needs of the experiment.

In order to reflect the advantages and disadvantages of the integrated model, we have implemented 
models such as RSM, AHM, LLTM, DINA, and hybrid model H-CD, respectively, through the 
system. Then through 320 students, 16 simulation experiments were performed according to different 
cognitive diagnostic models. The four indicators of classification accuracy (CA), marginal accuracy 
(MA), test statistic (TS), and test overlapping (TO) were analyzed.

The picture in Figure 5 presents the different models in CA. The picture in Figure 6 presents the 
different models in MA. The picture in Figure 7 presents the different models in TS. The picture in 
Figure 8 presents the different models in TO.

Compared with other models, H-CD has good performance in terms of CA, MA, TS, TO: In CA, 
H-CD, DINA model and AHM model are in similar levels; in TO, IM model and NIDA model. The 
overlap rates are similar, but all are at a low level. The verification shows that H-CD is a complete 
and reliable model for accurate cognitive diagnosis.

At the same time, each learner will get a test report after the test is over. The picture in Figure 9 
presents a partial test report based on cognitive diagnostics for different capabilities.
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6. CONCLUSION

The computerized adaptive system based on cognitive diagnosis is to analyze the knowledge of 
students’ examinations, so as to better remedy the students’ insufficiency and provide scientific 
guidance for teaching students in accordance with their aptitude. . Combining cognitive science, 
psychometrics, teaching research, artificial intelligence and other theories, CAT system based on 
cognitive diagnosis has become a new research direction. In this paper, the specific implementation 

Figure 5. CA of different models

Figure 6. MA of different models
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of cognitive computerized adaptive system and the establishment of unified model are studied. A 
hybrid question bank construction and hybrid topic selection strategy are proposed. After experiment, 
H-CD has good comprehensive characteristics. This paper applies the CD-CAT model to the learning 
model of the adaptive learning system to make the student model more dynamic and complete.

Figure 7. TS of different models

Figure 8. TO of different models
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Figure 9. A partial test report based on CD
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