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Abstract

:

The emergence of artificial intelligence has made adaptive learning possible, but building an adaptive system requires a comprehensive understanding of students’ cognition. The cognitive model provides a crucial theoretical framework to explore students’ cognitive attributes, making it vital for learning assessment and adaptive learning. This study investigates 52 experts, including primary and secondary school teachers, mathematics education experts, and graduate students, based on the 16 cognitive attributes in the TIMSS 2015 assessment framework. Through an analysis of their attribute questionnaires, the Interpretive structural modeling (ISM) method is used to construct a five-level mathematical cognitive model. The model is then revised through oral reports and expert interviews, resulting in a final cognitive model ranging from “memorize” to “justify”. The cognitive model describes the relationship between different attributes in detail, enabling the development of adaptive systems and aiding in the diagnosis of students’ cognitive development and learning paths in mathematics.
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1. Introduction


The importance of mathematics in human development has been widely recognized, as many key competencies are closely related to learning mathematics, such as creative thinking [1], critical thinking [2,3], and design thinking [4]. However, how mathematical thinking may be effectively assessed is still an urgent issue to be addressed. With the evolution of education, the goal of assessment has evolved from checking the effects of student learning to the promotion of students learning more effectively [5,6,7] (pp. 19–39). Traditional measurements normally focus on the evaluation results rather than the process because the thought process during an exam cannot be directly observed and evaluated. Only through classroom observation and interviews can we obtain a formative evaluation of students [8]. However, there are some problems in evaluating students via classroom observation and interview, such as complex evaluation processes, high requirements for the quality of evaluators, poor consistency of evaluation results, and a lack of ability to carry out a large-scale evaluation. Therefore, the means of personalizing learning and evaluation have attracted an increasing amount of attention from education measurement researchers [9,10].



With the advancement of measurement theory, a new generation of assessment theory—cognitive diagnostic assessment—has emerged. In a cognitive diagnostic assessment, which is based on the characteristics of a psychological evaluation, detailed information about a student’s diagnosis can be obtained through items with a cognitive diagnosis function and the analysis of a mathematical model, which provides the possibility for a personalized evaluation and adaptive learning [11,12]. As part of a new generation of evaluation theories, cognitive diagnosis assessment aims to infer learners’ mastery of cognitive skills by using cognitive science and statistical models, further constructing fine-grained reports and providing formative feedback [13,14,15].



As an important theoretical basis for guiding the development of cognitive diagnosis assessment, the cognitive model plays a leading role in designing the structure of a cognitive diagnosis assessment, the construction of attribute relationships, and the development of evaluation questionnaires. High-quality cognitive models necessitate collaboration between pedagogical professionals, psychologists, measurement scientists, and teachers. However, there is no well-established methodology for developing cognitive models. The cognitive models that are usually based on the expert method, student verbal reports, and the methods in the literature and have low consistency and lack operability [16]. Therefore, it is critical to investigate new cognitive model construction approaches and construct well-structured and operational cognitive models.




2. Literature Review


2.1. The Cognitive Model and Its Construction


The term “cognitive model” originated in the field of computer science, and it refers to the process of modeling human problem solving and mental task processing. This concept is commonly thought to be a computational model used to simplify the explanation of human problem solving in cognitive psychology, which is supported by research on human cognitive processing [17] (pp. 433–439). The cognitive model (CM) is commonly defined in educational research as “used to describe the cognitive process of students’ problem-solving in the test”. It aids in the identification of students’ various learning levels in terms of their knowledge and skills, as well as providing an explanation for and prediction of student performance [18] (p. 56). The cognitive model not only includes comprehensive cognitive attributes but also establishes the underlying operational relationship between them. The cognitive model serves as a precondition as well as an optimal measurement model for cognitive diagnostic assessment [19]. It also provides a guarantee for the realization of a structured evaluation.



There are two main ways of constructing a cognitive model. The first is known as the “verbal report”, which is based on students’ cognitive models. It mainly conducts interviews with students of different levels to understand their problem-solving process. For example, Gierl recorded the response processes of students who participated in the “think-aloud” seminar and utilized a flowchart to transcribe their answering process, thereby constructing a student cognitive model [20]. The other is the “expert-based cognitive model”, which mainly forms cognitive attributes based on theories and then determines the hierarchical relationships between attributes through interviews with subject experts. The expert model is more in line with average students and can more accurately anticipate most students’ cognitive processes [21]. In general, regardless of the approach used to construct the cognitive model, the attributes in the model and the relationships between them should effectively reflect the probable cognitive process of respondents when answering questions. Only an accurate cognitive model can provide a solid foundation for estimating students’ learning states.




2.2. Cognitive Attributes and TIMSS Cognitive Framework


Determining cognitive attributes is the basis of constructing a cognitive model and is also a fundamental link in cognitive diagnostic assessment. Some researchers believe that cognitive attributes are used to describe the procedures, skills, strategies, and knowledge that students must have in the process of problem-solving [22,23], while others assert that cognitive attributes refer to the basic cognitive processes and skills in problem solving [24]. Reasonable cognitive attributes must also consider the fine granularity of attribute differentiation. When the granularity is small, the process described by the cognitive model will be more refined, but the model will also become more complicated. Since the effectiveness of the cognitive model and the reliability of a cognitive diagnosis both depend on the quality of the cognitive attributes, the importance of determining reasonable cognitive attributes is self-evident [25].



The Trends in International Mathematics and Science Study (TIMSS) is the largest international education assessment, involving more than 60 countries or regions around the world [26] (pp. 116–124) [27] (pp. 19–20). The TIMSS has a broad spectrum of impact. Some policymakers refer to the test results to formulate new education policies, while some education researchers improve curricula and teaching based on the survey results [28]. The test evaluates students’ mathematical abilities in terms of both content and cognition. The cognitive framework consists of three domains of “understanding, application, and reasoning”, and can be further refined into 16 attributes [29]. There are many similarities between the three-domain theoretical framework of TMISS and Bloom’s taxonomy. Bloom’s taxonomy is a multi-tiered model of classifying thinking according to six cognitive levels of complexity. It was proposed by Bloom around 1950 and has been continuously revised. The revised cognitive objective theory includes six levels: “remembering, understanding, applying, analyzing, evaluating, and creating” [30]. This theory has been applied in teaching and assessment across many disciplines, such as mathematics education [31] and science education [32]. As the TIMSS does not examine pupils’ cognitive abilities, only the first-level indications are compared internationally. The cognitive model, on the other hand, has stricter criteria for fine-grained qualities, and a sufficient number of attributes can more accurately represent students’ cognitive processes. The cognitive framework of the TIMSS is based on the mathematics curriculum standards of various countries and the students’ mathematical abilities. Furthermore, numerous cognitive diagnostic studies are based on the TIMSS [33], demonstrating its high credibility and effectiveness.




2.3. Interpretive Structural Modeling (ISM)


When a complex system contains complex elements, the system cannot be seen and defined clearly, so it is very necessary to structure the system through the use of a method. Interpretive structural modeling (ISM) is an ideal method for dealing with complex relational systems. A comprehensive system model is produced using this technology which precisely depicts complicated situations by combining a number of different directly and indirectly relevant components [34,35,36]. An ambiguous system can be transformed into a visible and well-defined system simply through interpretive structural modeling. Recently, interpretive structural modeling has been employed in a variety of sectors, including educational research [37]. For example, Debnath et. al proposed an improved method for technical education through an interpretive structural model. This research can assist educators in developing curricula and improving teaching methods [38].



The cognitive framework of the TIMSS only contains attributes. In addition to cognitive attributes, a complete cognitive model should also reflect the hierarchical and sequential links between them, to more accurately describe the thinking process of students when problem solving. The differentiation of cognitive attributes in the TIMSS has high granularity, but it does not investigate the links between the attributes or how to develop a cognitive model. Therefore, the interpretive structural model can be used to synthesize the opinions of experts, construct the complex links between the cognitive attributes, and form a cognitive model with a high level of efficiency and strong operability.



The application of cognitive diagnostic assessment is vital for large-scale individualized evaluations and adaptive learning, and the efficacy of a cognitive diagnostic evaluation is dependent on a logical and highly operable cognitive model [39]. The expert method, verbal report, and the literature method are the most common cognitive model construction approaches. These methods guarantee the effectiveness of the cognitive model from the perspective of validity. However, because methods such as expert interviews and student reports are highly subjective, there are significant disparities among experts. The construction of a cognitive model is a very complex procedure, so there are few cognitive models that can be directly applied to cognitive diagnosis in education. In recent years, interpretive structural modeling has been applied to education research [40,41]. It primarily quantifies qualitative research and investigates the logical relationships between diverse aspects, resulting in a novel concept for cognitive model development. Through the interpretive structural model, the hierarchical relationship and causality among cognitive attributes can be determined, and the roles of each attribute in the system can be analyzed. Therefore, this study attempts to construct a mathematical cognitive model through the interpretive structural model, with the goal of providing a theoretical foundation for the development of adaptive systems, mathematics curricula, teaching, and cognitive diagnostic assessments.





3. Methods


3.1. Sample


The cognitive model construction in this study involved two stages. In the first stage, 33 primary school mathematics teachers, 15 graduate students, and 4 mathematics education specialists in Shanghai were invited to evaluate the relationships between cognitive attributes from both practical and theoretical perspectives. They needed to judge the pair relationship between the 16 cognitive attributes in Table 1. In the second stage, six mathematics education professors were invited to revise the preliminary model, and a fourth-grade child was randomly selected to give an oral report to verify the efficacy of the cognitive model.




3.2. Interpretive Structural Modeling (ISM)


The interpretative structural model is an ideal method for dealing with a complex relational system and can combine related and unrelated elements in the system into a comprehensive model. The various steps involved in ISM are as follows:



Step 1: Set the key problem and determine the variables related to the problem.



Step 2: A structural self-interaction matrix (SSIM) indicating the pairwise relationship among these variables is developed.



Step 3: Transform the SSIM to a reachability matrix (RX).



Step 4: Hierarchically decompose the reachability matrix, link the relationship between variables, and form a structural model diagram.



Step 5: The ISM model is checked for conceptual inconsistency and necessary modifications.



The focus of this study is on which cognitive attributes affect students’ success in solving mathematical problems. Various steps involved in constructing a cognitive model using ISM are illustrated in Figure 1.



In our study, 16 mathematical cognitive attributes corresponding to the problem variables are listed in Table 1. The structural self-intersection matrix and the reachability matrix were created after 52 experts completed the “cognitive attribute relationship” questionnaire. The reachability matrix was then hierarchically dissected, and the attributes’ correlations were linked to developing the cognitive model.




3.3. Data Collection


This study mainly used three types of data collection methods. The first was a questionnaire survey, which gave 52 experts 40 min to become familiar with the cognitive attributes before determining the pairwise associations of the attributes in the questionnaire. The group interview method then followed, which was primarily employed to modify the cognitive model. Following the creation of the conceptual framework based on the ISM, six mathematics education professionals were invited to have an open discussion on the constructed model and offer suggestions for its improvement. This discussion lasted a total of two hours. The last method was a verbal report, which asked students to make oral statements about their problem-solving processes, after which a comparative analysis was performed with the cognitive model to verify the effectiveness of the model. Two different types of questions from the TIMSS test were extracted for this study, and a fourth-grade student was asked to present her thoughts while reading the questions. The students’ problem-solving process was then depicted in a flowchart and confirmed using the developed cognitive model.





4. Procedure and Results


4.1. Constructing a Cognitive Model with the ISM


4.1.1. Attributes and Their Relationships in Mathematical Cognitive Model


Since a cognitive attribute is the theoretical basis of a cognitive diagnosis assessment, the determination of a cognitive attribute should not only consider its own accuracy but also ensure that it can be related to the items. Among existing large-scale evaluations, the TIMSS is relatively well-established in terms of its cognitive assessment, and it evaluates students’ mathematical literacy from perspectives of both content and cognition, allowing the cognitive attributes to be properly matched with its items. Many researchers have conducted cognitive diagnosis research based on the TIMSS [42,43,44,45], which shows that the cognitive attributes of the TIMSS have good reliability and validity.



The first step in ISM is to identify the variables, which in this case, are the cognitive processes of students involved in solving mathematical problems. The cognitive attributes of the TIMSS include three aspects of “knowing, applying and reasoning”, and each aspect contains different attributes. Sixteen cognitive attributes were preliminarily generated by upgrading the cognitive process framework in the TIMSS 2015, as shown in Table 1.



The SSIM was developed based on the relationship between the variables. In the SSIM, V, A, X, and O are usually used to represent the interrelationship between factors. V means that i influences j, A means that j influences i, X means that two elements influence each other, and O means that i and j have no influence on each other. The determination of the relationships between cognitive attributes by experts was collected through 52 questionnaires, based on which the SSIM of the mathematical cognitive attributes was formed according to the standard of 50% (i.e., more than 25 experts believe that there is a relationship between the two attributes), as shown in Table 2.




4.1.2. Adjacency Matrix and Reachability Matrix of Cognitive Attributes


The adjacency matrix is a matrix also used to describe the relationships between elements. The relationship between the two factors Si and Sj is represented by the matrix aij. When the factor Si has a direct influence on Sj, aij = 1; when the factor Si has no direct influence on Sj, aij = 0. Therefore, the adjacency matrix A in Equation (1) can be constructed according to the SSIM.


  A =      0   1   1   1   1   1   1   0   0   0   0   0   0   0   0   0     1   0   1   1   0   1   1   0   0   0   0   0   0   0   0   0     0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0     0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0     0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0     0   0   0   0   0   0   0   1   1   1   1   1   0   1   0   0     0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0     0   0   0   0   0   0   0   0   1   1   0   0   1   0   0   0     0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0     0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0     0   0   0   0   0   0   0   0   0   0   0   1   1   1   1   1     0   0   0   0   0   0   0   0   0   0   0   0   1   0   0   1     0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0     0   0   0   0   0   0   0   0   0   0   0   0   0   0   1   0     0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0     0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   0       



(1)







The reachability matrix R in Equation (2) can be calculated iteratively by MATLAB. The reachability matrix R can show the elements with connection channels in the system, so the reachability matrix of cognitive attributes can clearly display the influence relationships between cognitive attributes.


  R =      1   1   1   1   1   1   1   1   1   1   1   1   1   1   1   1     1   1   1   1   1   1   1   1   1   1   1   1   1   1   1   1     0   0   1   0   0   0   0   0   0   0   0   0   0   0   0   0     0   0   0   1   0   0   0   0   0   0   0   0   0   0   0   0     0   0   0   0   1   0   0   0   0   0   0   0   0   0   0   0     0   0   0   0   0   1   0   1   1   1   1   1   1   1   1   1     0   0   0   0   0   0   1   0   0   0   0   0   0   0   0   0     0   0   0   0   0   0   0   1   1   1   0   0   1   0   0   0     0   0   0   0   0   0   0   0   1   0   0   0   0   0   0   0     0   0   0   0   0   0   0   0   0   1   0   0   0   0   0   0     0   0   0   0   0   0   0   0   0   0   1   1   1   1   1   1     0   0   0   0   0   0   0   0   0   0   0   1   1   0   0   1     0   0   0   0   0   0   0   0   0   0   0   0   1   0   0   0     0   0   0   0   0   0   0   0   0   0   0   0   0   1   1   0     0   0   0   0   0   0   0   0   0   0   0   0   0   0   1   0     0   0   0   0   0   0   0   0   0   0   0   0   0   0   0   1       



(2)








4.1.3. Partitioning the Reachability Matrix and the Development of a Digraph


Through the hierarchical division of the reachability matrix, cognitive attributes can be categorized. The first step is to create a reachability set R (Si) from all elements with a value of 1 in the i-th row of the reachability matrix R; the second step is to define all attributes with a value of 1 in the i-th column of the reachability matrix R as the antecedent set A (Si); the third step is to define the intersection R (Si) ∩ A (Si) of the reachability set and the antecedent set as an intersection set. When the elements in the intersection set are the same as in the reachability set, a hierarchical extraction of the elements can be carried out. The elements extracted in the first batch are the highest-level element set L1 (see Table 3). Subsequently, the elements in L1 are deleted to obtain a new reachability matrix R2, and the previous procedure is repeated until all levels of the structure are modeled. In the present case, the 16 variables, along with their reachability set, antecedent set, and intersection set, are presented in Table 3.



According to this hierarchical extraction method, a cognitive attribute model with five levels was finally formed, of which the first level included Classify S3, Order S4, Compute S5, Measure S7, Represent/Model S9, Implement S10, Evaluate S13, Generalize S15, and Justify S16. The second level included Determine S8, Integrate/synthesize S12 and Draw Conclusions S14. The third level had Analyze S11; the fourth level had Retrieve S6; Level 5 included Recall S1 and Recognize S2. According to the stratification results, a mathematical cognitive model can be drawn, as shown in Figure 2. Among them, Recall and Recognize formed a ring, indicating that there is a high degree of connection between them. Combined with the students’ actual learning situation and the expert opinions, these two attributes can be combined into one attribute—“Memorize”.





4.2. Revision and Verification of the Cognitive Model: Integrating the Three Domains of Cognition


Through the ISM method, a five-level cognitive model was preliminarily formed in this study. Based on the cognitive framework theory of the TIMSS and the expert group interviews, the preliminary model was modified, and the revised model is illustrated in Figure 3, below.



The reasons for the adjustment are as follows: first, the cognitive framework of the TIMSS consists of three domains: “knowing”, “application” and “reasoning”, and there is a progressive relationship between them. Therefore, the preliminary cognitive model can be integrated regarding the three domains. Second, experts proposed that “in complex problems, attributes such as classification, sorting, measurement, operation” are also related to other attributes and should be considered to integrate them with other attributes. Thirdly, based on the cognitive field in Bloom’s taxonomy, “knowing, applying and reasoning” has a progressive relationship from low to high cognitive requirements.



To assess the model’s validity, a fourth-grade student was randomly selected to provide verbal reports on the TIMSS items. Taking the Item in Figure 4 as an example, the student’s oral reports were as follows: “Because one ice cream represents four children, and there are three on the vanilla ice cream, so 4 × 3 = 12 children”. The students’ solutions included paths to “retrieve information (one ice cream represents four children and three on the vanilla ice cream)”, “select strategy (multiplication is chosen)”, and “representation modeling (4 × 3 = 12 children)”.



Taking the items in Figure 5 as an example, the student’s oral report was as follows: “Picture ① has 1 column, picture ② has 2 columns, picture ③ has 3 columns, then picture ④ has 4 columns, and picture ⑤ has 5 columns, picture ⑯ has 16 columns, each column has two squares, so 16 × 2 is equal to 32 small squares”. The student first observed the information in the question and made effective inferences by analyzing the relationship between the number of columns in the picture and the number of the picture. Finally, the student summarized the 16th graph determined the number of columns (picture ⑯ has 16 columns) and obtained the answer to the question.



The revised cognitive model integrates the attributes of “knowing, applying and reasoning” from a low level to high level so that the model not only conforms to the relationship between the attributes but also has operability, which provides a theoretical basis for cognitive diagnosis. “Memorize” is the model’s starting point, and “justify” is the model’s ending point. Students can experience different paths in the process of problem solving.





5. Discussion


Based on the cognitive framework in the TIMSS, this study employed interpretive structural modeling to analyze the results of a survey of experts, consolidate the 16 dimensions in the TIMSS cognitive assessment into 15 attributes, and finally form a cognitive model of students’ mathematical problem solving. This cognitive model describes a variety of cognitive processes that students experience when solving mathematical problems and provides a theoretical foundation for cognitive-diagnosis-based mathematical evaluation.



5.1. The Validation of the Construction of the Cognitive Model


A realistic cognitive model is not only the theoretical foundation for a cognitive diagnostic assessment but it is also the premise of the cognitive diagnostic assessment. There is currently no mature approach to constructing a cognitive model, and expert methods or verbal reports are usually adopted by researchers [46]. Although these methods are relatively convenient to use, they often have disadvantages such as inconsistent conclusions, a high level of subjectivity, and difficulty in synthesizing the viewpoints of different experts. Interpretive structural modeling is a useful tool for dealing with a complex relational system: it can combine related and unrelated elements in the system into a comprehensive model [47,48,49]. In this study, the interpretative structure model was applied to construct a cognitive model which can integrate the opinions of various experts and avoid the excessive subjectivity of the model. Multiple methods were adopted in this study. Firstly, the interpretive structural model was used to integrate the data calibrated by experts, and the contribution of each expert was completely considered to clarify the relationship between attributes. Secondly, expert interviews and verbal reports were used to revise and test the validity of the cognitive model. Through an expert interview method and Bloom’s taxonomy, the model obtained from the interpretive structural model was modified to make it more consistent with the logic of mathematics education. From the perspective of students, a verbal report can visualize the students’ thinking processes and verify the cognitive model constructed. The rationality and representation of the model were ensured by the cognitive model developed using various ways. This method can be used to produce a more realistic and reasonable theoretical model not only in the production of cognitive models but also in the development of content models.




5.2. The Application of the Cognitive Model in Education


The cognitive model constructed in this study is composed of 15 cognitive attributes which can provide a high-precision cognitive model framework for cognitive diagnostic assessment. Cognitive models can provide guidance for educational measurement and instruction and guide test preparation and curriculum development [50]. The development of items based on a cognitive diagnosis necessitates the use of an effective cognitive theoretical framework. Mathematical problem solving is a complicated cognitive process, and only by clearly analyzing the students’ cognitive processes of problem solving can we achieve a deep understanding of students’ learning [51,52]. Teachers and students themselves can identify their mastery of each attribute through the cognitive model to make a plan for follow-up instruction and learning [53] (pp. 61–84.)



The mathematical cognitive model constructed in this paper can provide theoretical support for evaluating students’ mathematical abilities. The exam results can be used to highlight a student’s grasp of each attribute in a more defined manner, allowing future teaching activities to be better guided. Taking “retrieve “as an example, it can be seen from the model that it is a key attribute and is the basis for students to further select strategies and analysis. Students will be unable to answer mathematical questions if they are unable to extract information from multiple representations such as text and charts. PISA, PIRLS, NAEP, and other assessments all take into account the importance of international digital reading literacy [54]. Similarly, it is critical in mathematics education to assist students in comprehending the transformation between many representation systems so that mathematics may be used to address issues more effectively [55]. The current mathematics curriculum system takes the knowledge content as modules. With the gradual enrichment of research on mathematics cognition, the development of courses with cognition as the theme is also urgently needed. Mathematical modeling, for example, is a type of course distinct from algebra and geometry which has received increasing attention in recent years [56] (pp. 233–253).



The development of a reasonable mathematical cognitive model can serve as a theoretical foundation for courses, teaching, and assessment, and can facilitate individualized learning and adaptive learning systems design [57,58]. Using the establishment of a question bank as an illustration, an adaptive learning system necessitates the accumulation of an extensive repository of mathematical problems for diagnosing and evaluating students’ learning abilities, as well as for assisting in teaching. To fulfill these functions, the test questions in the question bank must be annotated with cognitive labels. The mathematical cognitive model proposed in this study provides a theoretical basis for label formulation, empowering experts to manually label the test questions according to the 15 cognitive attributes. Furthermore, leveraging the hierarchical and directional features of the cognitive model, the manually labeled tags can be automatically corrected. The task bank developed in accordance with the cognitive model constitutes a crucial component of the adaptive system and serves as the fundamental aspect of cognitive diagnostic assessment [59]. Through the labeling of the test questions’ cognitive attributes, a targeted evaluation of students’ mathematical abilities can be provided, thereby facilitating personalized assessment and personalized learning.





6. Limitations and Further Research


Although this study offers a new approach to constructing cognitive models, there is still a significant amount left to explore. Firstly, it is important to note that the cognitive model of mathematical cognition developed in this study was solely constructed using interpretive structural modeling (ISM) and does not incorporate specific mathematical content. However, cognitive attributes, such as procedures, skills, strategies, and knowledge, are crucial in the problem-solving process. This includes not only procedures and skills but also knowledge. The vast system of mathematical knowledge is at the heart of mathematics education, and constructing a cognitive model that integrates knowledge content requires considerable time and effort. Therefore, mathematics educators and cognitive model researchers should continue to focus their efforts on this task. Secondly, while the cognitive model was built using various research approaches, the underlying data still rely on expert calibration, and the model’s rationality must be evaluated using longitudinal data from students. The cognitive model serves as the foundation for cognitive diagnosis, and cognitive diagnostic assessments can help refine the model further. As a result, cognitive diagnostic assessments can verify the validity of the mathematical cognitive model in the following stages of research. Thirdly, it should be noted that this cognitive model is exclusively suited to the context of mathematical problem-solving processes and has limited applicability to other domains. The cognitive attributes investigated in this study, such as compute, modeling, and classify, possess distinctive mathematical characteristics that diverge from the core competencies of other disciplines. Nevertheless, it is worth highlighting that some of these cognitive attributes are also relevant to other subjects, such as retrieve and classify, which hold crucial value in science education.



However, while the generalizability of this model is limited, the procedure of constructing a cognitive model using the interpretive structural modeling (ISM) can be applied to the construction of cognitive models in other disciplines. For instance, linguistics has unique cognitive attributes, such as reading and listening, which can be hierarchically structured using the explanatory structural model to develop a cognitive model suitable for language learning. Moreover, it is imperative to investigate whether the mathematical cognitive model constructed in this study outperforms other cognitive models, which is an area that requires further exploration. Future research can focus on the efficacy of this cognitive model and comparative analyses with other cognitive models.
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Figure 1. Flow diagram for constructing a cognitive model. 
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Figure 2. Initial mathematics cognitive model. 
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Figure 3. Final mathematics cognitive model. 
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Figure 4. TIMSS sample problem 1. 
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Figure 5. TIMSS sample problem 2. 
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Table 1. Cognitive attributes.
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Dimensions

	
Attributes

	
Code

	
Connation






	
Knowing

	
Recall

	
S1

	
Recall definitions, terminology, number properties, units of measurement, geometric properties, and notation (e.g., S = ab; S = v × t).




	
Recognize

	
S2

	
Recognize numbers, expressions, quantities, and shapes. Recognize entities that are mathematically equivalent (e.g., equivalent familiar fractions, decimals, and percentages).




	
Classify

	
S3

	
Classify numbers, expressions, quantities, and shapes by common properties.




	
Order

	
S4

	
The arrangement of numbers or other elements according to certain rules.




	
Compute

	
S5

	
Carry out algorithmic procedures for +, –, ×, ÷, or a combination of these with whole numbers, fractions, decimals, and integers. Carry out straightforward algebraic procedures.




	
Retrieve

	
S6

	
Retrieve information from graphs, tables, texts, or other sources.




	
Measure

	
S7

	
Use measuring instruments and choose appropriate units of measurement.




	
Applying

	
Determine

	
S8

	
Determine efficient/appropriate operations, strategies, and tools for solving problems for which there are commonly used methods of solution.




	
Represent/

Model

	
S9

	
Display data in tables or graphs; create equations, inequalities, geometric figures, or diagrams that model problem situations; and generate equivalent representations for a given mathematical entity or relationship.




	
Implement

	
S10

	
Implement strategies and operations to solve problems involving familiar mathematical concepts and procedures.




	
Reasoning

	
Analyze

	
S11

	
Determine, describe, or use relationships among numbers, expressions, quantities, and shapes.




	
Integrate/

Synthesize

	
S12

	
Link different elements of knowledge, related representations, and procedures to solve problems.




	
Evaluate

	
S13

	
Evaluate alternative problem-solving strategies and solutions.




	
Draw Conclusions

	
S14

	
Make valid inferences on the basis of information and evidence.




	
Generalize

	
S15

	
Make statements that represent relationships in more general and more widely applicable terms.




	
Justify

	
S16

	
Provide mathematical arguments to support a strategy or solution.
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Table 2. Structural self-interactive matrix (SSIM).
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	O
	O
	O
	O
	O
	O
	O
	O
	V
	V
	V
	V
	V
	X
	S1



	O
	O
	O
	O
	O
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	O
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	O
	V
	V
	S2
	



	O
	O
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	O
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	O
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	S3
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Table 3. The first level of mathematical cognitive attributes.
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	Si
	R (Si)
	A (Si)
	R (Si) ∩ A (Si)
	Level





	1
	1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16
	1,2
	1,2
	



	2
	1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16
	1,2
	1,2
	



	3
	3
	1,2,3
	3
	1



	4
	4
	1,2,4
	4
	1



	5
	5
	1,2,5
	5
	1



	6
	6,8,9,10,11,12,13,14,15,16
	1,2,6
	6
	



	7
	7
	1,2,7
	7
	1



	8
	8,9,10,13
	1,2,6,8
	8
	



	9
	9
	1,2,6,8,9
	9
	1



	10
	10
	1,2,6,8,10
	10
	1



	11
	11,12,13,14,15,16
	1,2,6,11
	11
	



	12
	12,13,16
	1,2,6,11,12
	12
	



	13
	13
	1,2,6,8,11,12,13
	13
	1



	14
	14,15
	1,2,6,11,14
	14
	



	15
	15
	1,2,6,11,14,15
	15
	1



	16
	16
	1,2,6,11,12,16
	16
	1
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