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Although Programs that Simulate Mathematical Processes (PSMP) offer a computational approach to 

teaching mathematical concepts and integrating computational thinking (CT) into mathematics instruction, 

this study focuses on the development of mathematics teachers’ pedagogical guidance when addressing 

student errors and misconceptions in PSMP-based tasks. It also examines the factors that influence this 

development. Twenty-eight mathematics teachers selected through criterion sampling completed written 

assessments involving PSMP-based tasks. Twelve participants were subsequently selected for in-depth 

interviews to capture a range of intervention strategies. Directed content analysis revealed a continuum 

progressing from an absence of diagnosis, characterised by incorrect, vague, or incomplete guidance, to 

diagnosis-based interventions ranging from misaligned to shallow or indirect guidance, and ultimately to 

deep diagnosis. This progression reflects differences in teachers’ capacity to identify and address student 

errors and misconceptions. The findings also indicate a relationship between teachers’ application of CT 

processes and the quality of their pedagogical guidance. Teachers who applied CT processes appropriately, 

including data processing and updating, algorithm visualisation, logical flow control, and testing and 

debugging, provided general or deep diagnosis-based interventions. In contrast, teachers who applied these 

processes inappropriately offered misguided, questionable, or fragmented support. These findings highlight 

the importance of CT competence in shaping the quality of mathematics teachers’ responses to student errors 

and misconceptions in PSMP-based tasks. 

Keywords ᛫ computational thinking ᛫ mathematics teacher education research ᛫ mathematics teachers’ pedagogical 

computational thinking phases ᛫ diagnostic computational thinking ᛫ non-diagnostic computational 

thinking ᛫ guidance ᛫ impact of computational thinking processes on teacher guidance 

Introduction 

The increasing presence of digital systems in society accentuates the significance of computational 

thinking (CT), which scholars argue is a fundamental skill akin to reading, writing, and arithmetic, and 

crucial for navigating the modern, digitised world (Barcelos et al., 2018; Büscher, 2025; Hickmott et al., 

2018; Wing, 2006). Given this growing recognition of CT as a crucial competency, educational 

policymakers have started to incorporate these skills into formal education. This has led to recent 

curriculum reforms in many European Union Member States that have introduced CT’s foundational 

concepts into primary and secondary education through a variety of approaches (European 

Commission, Joint Research Centre, 2022). In parallel with these reforms, researchers have turned to 

different teaching strategies, such as unplugged activities, contextual learning, and scaffolding, to 

effectively foster computational skills across diverse educational contexts (Sentance & Csizmadia, 2017). 

These strategies have been complemented by approaches like embedding CT across the curriculum, as 

an expectation for all subjects and teachers, rather than limiting it to a single domain like Informatics or 

alternatively integrating CT within existing subjects such as Mathematics and Technology (European 

Commission, Joint Research Centre, 2022). 

CT and mathematics share overlapping practices, including complex problem solving, modelling, 

data analysis and interpretation, statistics and probability, pattern recognition and generalisation, and 
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the design and use of algorithms—highlighting their natural compatibility and potential to mutually 

support abstract problem solving (Lee et al., 2023; Rycroft-Smith & Connolly, 2019; Sneider et al., 2014). 

Engaging with mathematics through CT offers a structured framework and shared vocabulary for 

discussing mathematical ideas, strengthens understanding of variables and functions, fosters heuristic 

reasoning beyond formal knowledge, and uses non-numerical examples and simulations to illuminate 

complex relationships (Feurzeig et al., 2011). Given this synergy, CT concepts should be adapted 

effectively within formal education, so these complementary ways of thinking are leveraged to enhance 

learning outcomes. Integrating CT into mathematics can deepen understanding of real-world 

applications and strengthen learners’ ability to analyse, interpret, and communicate complex 

information across contexts (Papert, 1996; Yadav et al., 2017). Ultimately, this integration supports 

abstract thinking, problem-solving capabilities, and innovative approaches needed to navigate an 

evolving digital landscape (Sung & Black, 2021; Yadav et al., 2014). 

For teachers facing curriculum changes, developing an effective approach for delivering new 

content is of paramount relevance; however, introducing new material cannot be accomplished merely 

by acquiring additional subject matter knowledge—though this remains a crucial aspect (Sentance & 

Csizmadia, 2017; Sentance et al., 2013; Thompson & Bell, 2013; Thompson et al., 2013). Situated in 

Turkey, this study responds to recent curriculum and textbook developments that increasingly 

foreground CT-related competencies in mathematics (e.g., algorithmic thinking, flowcharts, and 

discipline-specific CT discourse), thereby intensifying demands on teachers’ diagnostic guidance 

related to the application of Programs that Simulate Mathematical Processes (PSMP). Research indicates 

that many teachers feel unprepared to teach programming, despite expressing positive attitudes 

towards its integration (Hijón-Neira et al., 2017; Kravik et al., 2022; Mohottige et al., 2024). This reveals 

a substantial gap between acknowledging the salience of CT and possessing the practical skills required 

to teach these concepts effectively. Although initiatives such as “CT for All” by the International Society 

for Technology in Education, the Computer Science Teachers Association, and the United Kingdom’s 

National Curriculum of Computing aim to promote CT integration, there remains considerable 

uncertainty about how best to support teachers in this endeavour (Ketelhut et al., 2020; Kong et al., 

2023). A significant number of teachers report lacking the necessary knowledge and appropriate 

methodologies to integrate programming and CT concepts into their lessons (Kravik et al., 2022), 

suggesting a need for targeted professional development that strengthens teachers’ integrated 

technological, pedagogical, and content knowledge (TPACK; Mishra & Koehler, 2006) in relation to CT 

(Saritepeci, 2022). 

To effectively integrate CT into mathematics lessons, mathematics teachers must develop strong 

pedagogical content knowledge that combines mathematics and CT concepts (Dahshan & Galanti, 2024; 

Ye et al., 2023), acquire proficiency in core CT skills such as decomposition, pattern recognition, 

abstraction, and algorithmic thinking (Gadanidis et al., 2017), attain technological proficiency in using 

relevant tools such as programming environments and data analysis software (Dogan et al., 2021), and 

adapt and modify existing curricula to seamlessly incorporate CT activities (Aydeniz, 2018), while also 

developing assessment strategies to effectively evaluate students’ CT learning in mathematics or vice 

versa (Weintrop et al., 2021). If mathematics teachers develop these skills, they will be better equipped 

to create richer learning experiences that highlight the synergistic relationship between CT and 

mathematics. This, in turn, enables mathematics teachers to design learning environments where 

students can meaningfully connect mathematical concepts with their practical applications in CT 

(Panselinas et al., 2020; Sung & Black, 2021). By introducing students to programming environments 

and computational problem-solving strategies, teachers can provide CT-based mathematics learning 

experiences that allow students to explore multiple solution paths, build resilience, and transform their 

perception of mathematics from a rigid set of formulas to a more dynamic and contextually relevant 

subject (Castle, 2023). 
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Research Focus: Aim and Questions  

As technology-driven innovative curricula reshape education, it is increasingly important that teachers 

are equipped with the pedagogical competencies needed to develop students’ analytical, flexible, and 

innovative skills, including mathematical reasoning and CT capabilities. These aims can be supported 

through instructional practices that emphasise problem solving and modelling—for example, by 

engaging students in representing and manipulating functions, testing hypotheses, and creating 

simulations to explore real-world phenomena through programming. One way for teachers to reflect 

the synergy between mathematics and CT is to incorporate activities involving PSMP, which digitally 

model mathematical concepts, operations, and problem-solving strategies using CT concepts and 

processes such as sprites, variables, code blocks, loops, and conditions. Because diagnosing and 

addressing students’ errors in PSMP-based tasks is important for supporting both mathematical 

understanding and CT development, this study aimed to describe the developmental phases of teachers’ 

pedagogical guidance in response to students’ errors or misconceptions. It also aimed to examine 

whether these phases varied depending on the appropriate or inappropriate use of CT processes. In this 

context, the following two research questions were addressed: 

RQ1: What are the developmental phases of teachers’ pedagogical guidance when addressing students' 

errors or erroneous thought processes in tasks involving programs that simulate mathematical 

processes? 

RQ2: How does the appropriate versus inappropriate use of computational thinking processes influence 

the progression of teachers’ pedagogical guidance phases? 

Methodology 

Based on the directed qualitative content analysis (DQCA) steps outlined by Mayring (2000) and 

Assarroudi et al. (2018), the methodology of this study was structured as shown in Figure 1. Qualitative 

content analysis derives themes and categories from data, whereas DQCA uses theoretical frameworks 

to systematically code and analyse textual information (Assarroudi et al., 2018; Mayring, 2000; Zhang & 

Wildemuth, 2009). This approach was used to validate, refine, or extend theory by identifying 

categories, themes, and patterns based on predetermined coding schemes that may corroborate or 

challenge existing research (Assarroudi et al., 2018; Mayring, 2000). Sample selection, data-collection 

tools and procedures, and data analysis were conducted from a DQCA perspective. These decisions 

were informed by two theoretical frameworks: phases of pedagogical guidance in CT-integrated 

mathematics tasks and CT processes. 

 

 

Figure 1. Research process structured through directed content analysis. 
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Participants 

In Assarroudi et al.’s (2018) DQCA study, purposeful sampling was recommended as a participant 

selection technique for obtaining specific knowledge or experience relevant to the research question, 

thereby enabling an in-depth investigation of the phenomenon (Palinkas et al., 2015). Within this study, 

that strategy was employed by way of criterion sampling, which was used to select participants with 

direct experience relevant to the research focus and to support an in-depth examination of factors 

shaping successful or unsuccessful guidance (Ahmad & Wilkins, 2025). Four criteria were considered 

in the selection of participants: (1) demographic characteristics; (2) technological competence; (3) 

willingness to integrate CT into mathematics teaching; and (4) coding or programming experience. 

Demographic characteristics  

The sample comprised 28 mathematics teachers (10 males and 18 females) from middle and high schools 

in the same geographic region in Türkiye. This was intended to ensure consistency in the educational 

environment and minimise potential variability associated with different regional contexts. The 

participants’ professional experience ranged from 5 to 25 years: eight teachers had 5–10 years of 

experience, six had 11–15 years, six had 16–20 years, and eight had 20–25 years. 

From the total pool of participants—all of whom completed the PSMP-based written assessment 

tasks—12 were selected for interviews to capture variation in written performance. Their written work 

reflected a range of intervention strategies, including both developed and underdeveloped pedagogical 

guidance across tasks, and variation in CT process use, including both appropriate and inappropriate 

applications. 

Technological competence 

Participants were teachers who reported using technology to support mathematics instruction. Most 

(89%) indicated frequent integration of technology and regular use of tools such as Web2 applications, 

GeoGebra, the Educational Informatics Network, and Mathigon, while 11% reported using these tools 

occasionally. 

Willingness to integrate computational thinking into mathematics teaching 

Given the importance of teachers’ willingness to integrate CT for the study, the sample intentionally 

included teachers who reported openness to CT integration. Specifically, 82.1% expressed a desire to 

integrate CT approaches into their lessons, while 7.1% indicated that their willingness was contingent 

upon acquiring the necessary qualifications. 

Coding or programming experience 

All participants completed the same 32-hour course centred around Dr Scratch activities, which aimed 

to help teachers internalise CT processes by connecting mathematical tasks with programming, 

ultimately enabling them to design such programs independently. 

Theoretical Background 

Pedagogical Guidance Phases of Teachers Related to Programs that Simulate 

Mathematical Processes  

The first theoretical framework, which delineates developmental pedagogical CT guidance phases, was 

developed by synthesising prior research on diagnosis-based versus non-diagnosis-based interventions 

(Seifried & Wuttke, 2010), teachers’ responses to student errors in mathematical tasks (Korkmaz & 

Alkan, 2023), and the pedagogical implications of limited coding experience (Ketelhut et al., 2020; 

Mouza et al., 2017; Sentance & Csizmadia, 2017). 
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Absence of Diagnosis 

Limited experience with PSMP and CT can constrain teachers’ ability to diagnose errors and students’ 

misconceptions, resulting in three guidance phases. Incorrect Guidance occurs when teachers 

misinterpret the reasoning underlying an error in a student-designed PSMP or a student’s 

understanding of how a PSMP operates, providing inaccurate explanations that reinforce 

misconceptions without addressing their underlying causes. Vague Guidance reflects a superficial 

understanding of PSMP principles, resulting in unclear or imprecise support. Incomplete Guidance occurs 

when teachers explain how to debug a PSMP by referring to its function and operational mechanisms 

but fail to identify the student’s specific errors or misconceptions or explain why they occurred. 

Consequently, although such guidance may offer some assistance with debugging, it does not 

adequately address the underlying difficulties in students’ reasoning. 

Diagnosis-based intervention 

When teachers recognise an error in a student-designed PSMP or flawed reasoning about a PSMP, they 

may provide three types of guidance. Misaligned Guidance occurs when teachers’ responses fail to resolve 

the error or misconception or introduce further errors or misunderstandings. Shallow or Indirect Guidance 

involves providing general or indirect support that partially addresses the issue but does not develop 

students’ conceptual understanding of the PSMP process or the underlying CT principles. In contrast, 

Deep Guidance adopts a student-centred approach to addressing errors, misconceptions, and flawed 

reasoning, supporting deeper understanding while foregrounding the CT skills embedded in 

mathematics. This guidance may take the form of direct explanations and demonstrations, in which 

teachers explain why an error occurred and model a correct solution, or guided self-discovery, in which 

teachers prompt students to correct their PSMP or reasoning through step-by-step support. 

Computational Thinking Processes Utilised in Programs that Simulate Mathematical 

Processes 

The second theoretical framework of the study is related to the CT processes utilised in PSMP. These 

processes were defined based on prior literature:  

1. Data Processing and Updating: Data, often stored in variables, are processed through algorithms 

to perform specific actions or operations. Variable values are updated by replacing an existing 

value with a new one (e.g., Fagerlund et al., 2021; Weintrop et al., 2016). 

2. Algorithm Visualisation: Abstract procedures are represented through dynamic, step-by-step 

visualisations that show data transformation and program execution in real time (e.g., via 

animations, simulations, or graphical representations) (e.g., Grivokostopoulou et al., 2017; 

Shaffer et al., 2010; Yamashita et al., 2016). 

3. Control of Logical Flow: Program execution is organised as a sequence of steps in which 

decision points (e.g., if–else statements and logical operators such as and, or, not) determine 

which actions run under specific conditions (e.g., Beecher, 2017; Fagerlund et al., 2021; Grover & 

Pea, 2018). 

4. Pattern Recognition and Generalisation: Identifying recurring structures, relationships, and 

regularities in data, code, or simulations supports abstraction and transfer, enabling the 

creation and improvement of PSMP and the prediction of behaviours (e.g., Barrón-Estrada et al., 

2022; Beecher, 2017; Léonard et al., 2022). 

5. Decomposition and Coordination: Complex PSMP are broken into manageable sub-systems (e.g., 

algorithms), and these parts are coordinated through effective connections so that the overall 

system functions coherently (e.g., Beecher, 2017; Fagerlund et al., 2021; Rich et al., 2019). 

6. Modelling and Optimisation: PSMP model simplified versions of phenomena to support 

understanding, explanation, and prediction, often by testing hypotheses through dynamic 

computational environments (e.g., animations and simulations). Optimisation improves 

efficiency through code refinement (e.g., Beecher, 2017; Fagerlund et al., 2021). 
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7. Testing and Debugging: Testing involves systematically checking whether PSMP behave as 

intended, while debugging involves identifying and resolving errors in the code and in 

students’ underlying reasoning about how PSMP work (e.g., Bowers et al., 2023; Sun et al., 

2024; Vourletsis et al., 2021). 

Data Collection Tools and Procedures  

The study’s data collection tools comprised written assessments, which took about 90 minutes per 

participant, and task-based interviews, which lasted approximately 60 minutes each. The data collection 

instruments were designed to address the research questions and the two theoretical frameworks.  

Evaluation tasks  

Ten structured written evaluation tasks were used, each involving a student PSMP containing bugs that 

modelled a mathematical process or performed a mathematical function, or a scenario demonstrating 

flawed student reasoning about the PSMP’s working mechanism. During the written assessment, 

participants made their drawings on the assessment sheets. The tasks were aligned with the national 

mathematics curriculum typically addressed across Grades 7–9 (Ministry of National Education, 2018a, 

2018b), reflecting the participant group of lower secondary (Grades 7–8) and early upper secondary 

mathematics teachers (Grade 9). Participants explained how each PSMP worked, identified the source 

of the bug or flawed reasoning, and described how they would guide students to correct it. The written 

data were analysed to determine if guidance was diagnosis-based and to identify the guidance phase, 

ranging from an absence of diagnosis to diagnosis-based intervention. Because PSMP tasks require 

different CT processes, participants’ explanations were also used to identify which CT processes they 

applied appropriately or inappropriately. As an example of the tasks undertaken by the participants, 

Task 1, which involved data processing and updating, algorithm visualisation, and testing and 

debugging, is reproduced in Figure 2 (see next page). 

Interviews 

Task-based interview (Maher & Sigley, 2014) questions were designed to comprehensively reveal the 

participants’ pedagogical guidance phases and their behavioural patterns during both successful and 

unsuccessful uses of CT processes. In the interviews, participants were asked the following questions 

to gain insight into their thought processes:  

1. Could you provide a detailed explanation of how the algorithm or algorithms in the current 

program function?  

2. Can you draw the shape that will be generated when the program runs?  

3. What insights can you provide about the student's thinking process?  

4. Is the PSMP designed by the student working as expected?  

5. If not, where and how do you think the student made an error?  

6. What do you think is the cause of the student's error or bug?  

7. How can the error or bug in the PSMP design be fixed or troubleshot?  

8. How would you guide the student to correct their misunderstanding of how the PSMP 

works?  

9. If the program reflected the student's misconceptions, how should the code blocks be 

arranged?  

During these interviews, participants used the Scratch task materials and their own drawings to explain 

what they had done and their reasoning. Furthermore, a semi-structured interview strategy (Ayres, 

2008) was adopted to explore further ideas expressed and to capture each participant’s unique 

perspectives and thinking.  
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Sena aims to develop an application that displays the position of a point with user-defined x and y coordinates on a Cartesian 

coordinate system. Sena intends to first take inputs for x and y values from the user sequentially and then, based on these 

values, move a purple point, initially positioned at the origin, first along the x-axis and then parallel to the y-axis, to reach 

the point specified by the user (x-coordinate, y-coordinate). The code for the program Sena created for this application is 

provided. 

 
 

Share your thoughts on whether the program designed by Sena functions as intended. Draw the possible movements of the 

purple point on the coordinate system when Sena’s program is executed. Describe the program’s working mechanism by 

linking it to the relevant code blocks. If you believe there is an error in Sena’s design, discuss why the error occurred. Finally, 

explain how you would guide Sena to fix her bug so that the program functions as intended. 

Does Sena’s program work as she intended? Yes or 

No. ………………… 

Illustrate the possible movements of the purple point 

on the coordinate system when Sena’s current program is 

executed. 

 

 

Describe the program’s working mechanism by linking it to 

the relevant code blocks.  

 

 

 

 

 

 

If you believe there is an error in Sena’s design, discuss why 

the error occurred. Explain how you would guide Sena to fix 

her bug so that the program functions as intended. 

 

 

Figure 2. Task 1 as an example.  

Data Analysis Process 

To ensure accuracy and consistency, a four-step directed data analysis process was applied to both the 

written assessments and the interview transcripts. First, key themes and behavioural patterns across all 

texts and visuals were examined, and categories within each theoretical framework were established 

with clear scope and boundaries, supported by examples and decision rules. These category definitions, 

examples, and rules informed the coding guidelines and enabled systematic analysis (Assarroudi et al., 

2018; Mayring, 2000). Next, two experts in mathematics education and CT coded the first task using the 
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guidelines, checked the fit between preliminary codes and categories, and refined category definitions 

and rules where needed. During analysis of the first five tasks, the guidelines were iteratively revised 

to reflect the expanding dataset and emerging insights; expert discussions of inconsistencies and gaps 

further strengthened the clarity and transparency of the guidelines, supporting the validity and 

reliability of the process. Finally, the guidelines were reviewed and applied to the full dataset, and final 

checks were conducted to confirm the categories and coding. Tables 1 and 2 illustrate how coding was 

conducted across the two theoretical frameworks. The exemplars in Table 1 are associated with the 

following task scenario:  

 

The student-designed program does not function as intended due to the bug(s) in specific code blocks and/or flawed 

student reasoning about the program’s working mechanism. 

Table 1.  

Potential Behavioural Patterns of Participants Across Guidance Phases  

Absence-of-diagnosis Behavioural Patterns 

Absence of Diagnosis  

(limited diagnosis and understanding) 

Indicators: Does not diagnose the bug(s) or 

the student’s misconception/flawed 

reasoning; does not understand the 

algorithm/program mechanism; cannot 

determine the intended arrangement of 

code blocks. 

Potential behaviours: 

Incorrect: Congratulates the student, stating the program works as 

intended. 

Vague: Advises the student to “check/review the blocks” without 

identifying the source of the bug or misconception. 

Incomplete: Points to problematic blocks or suggests debugging 

steps but does not diagnose the underlying misconception or 

explain why the bug occurs. 

Diagnosis-based Behavioural Patterns 

Diagnosis-based intervention  

(accurate diagnosis and understanding) 

Indicators: Diagnoses the coding error 

(bug) and the student’s 

misconception/flawed reasoning; 

understands the algorithm/program 

mechanism; knows the intended 

arrangement of code blocks. 

Potential behaviours: 

Misaligned: Suggests changes that do not resolve the 

bug/misconception or introduce new errors. 

Shallow or Indirect: Identifies blocks to change and gives 

brief/general explanations, without supporting conceptual 

understanding of the mechanism. 

Deep: Explains why the bug occurs, links it to the student’s 

misconception/flawed reasoning, and shows (or scaffolds) how 

targeted changes produce the intended behaviour. 

 

Interview analyses enabled a detailed description and identification of behavioural patterns that 

indicated participants’ guidance phase and their appropriate or inappropriate use of CT processes 

within each PSMP-based task. Analysing the written evaluation papers using the framework, 

Pedagogical guidance phases of teachers related to PSMP, made it possible to quantify how many 

participants were coded as being in the absence of diagnosis phase—particularly the incorrect, vague, 

and incomplete phases—and how many were in the diagnosis-based intervention phase, categorised as 

misaligned, shallow or indirect, or deep guidance. 
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Table 2.  

Participant Behavioural Pattern Examples: Appropriate vs Inappropriate Use of CT Processes 

CT Processes Targeted by the 

Scratch Task Scenario 

Participant Behaviours: Appropriate vs Inappropriate CT Process 

Use 

Data processing and updating 

(e.g., set x to 10; set y to 20; set x to x 

+ y; set y to x + y) 

Appropriate: Determines updated final values correctly (e.g., x = 30, y = 

50). 

Inappropriate: Cannot determine updated final value(s) of one or more 

variables. 

Algorithm visualisation  

(e.g., go to (0,0); point in direction 90; 

move 100) 

Appropriate: Mentally traces motion correctly (e.g., left-to-right along x-

axis from origin). 

 Inappropriate: Misrepresents direction/trajectory (e.g., describes 

movement along y-axis). 

Control of logical flow  

(e.g., if (x<0 and y>50) then … else 

…) 

Appropriate: Correctly identifies which branch executes given the 

conditions (e.g., recognises else runs when conditions are not 

satisfied). 

Inappropriate: Says neither the if nor the else will run or chooses the 

wrong branch. 

Pattern recognition and generalisation 

(e.g., repeat (8); move x steps; turn 

CW 60; change x by 10) 

 

Appropriate: Correctly anticipates the emerging pattern/shape from 

repeated steps (e.g., recognises a spiral-like hexagonal pattern). 

Inappropriate: Cannot mentally represent the resulting shape or 

describes an incorrect pattern. 

Decomposition and coordination 
(e.g., two sprites 

with broadcast/receive message) 

Appropriate: Decomposes the scenario into components and explains 

coordination between event blocks (e.g., sequencing via 

broadcast/receive). 

Inappropriate: Does not recognise decomposition or the coordination 

mechanism between event blocks. 

Modelling and optimisation  

(e.g., a bouncing-ball simulation with 

decreasing height) 

Appropriate: Explains that the code models a ball rising and bouncing 

with progressively smaller jumps and optimises the long sequence by 

introducing a loop and a changing height variable (e.g., set n = 100; 

repeat: change y by n; change y by -n; set n = 0.8*n). 

Inappropriate: Does not recognise the modelled process and/or cannot 

suggest a valid optimisation. 
Testing and debugging  

(e.g., the sprite reaches the wrong 

location due to incorrect 

direction/sequence) 

 

Appropriate: Identifies the mismatch between intended and actual 

output and proposes a specific fix that makes the output match the 

target. 

Inappropriate: Claims the program works as intended or proposes 

changes that do not correct the fault. 

 

In addition, a categorisation matrix was developed to examine each participant’s appropriate and 

inappropriate use of CT processes across tasks (Table 3). In qualitative research, a categorisation matrix 

is a structured tool for systematically organising and coding data, particularly in directed content 

analysis (Assarroudi et al., 2018). Here, the matrix specified which processes—data processing and 

updating, algorithm visualisation, control of logical flow, pattern recognition and generalisation, 

decomposition and coordination, modelling and optimisation, and testing and debugging—should be 

predominantly used to complete each task. The matrix was derived from the theoretical framework, 

grounded in prior theories, research, and literature, and served as a guideline for classifying qualitative 

data into predefined categories. A separate matrix was completed for each participant, after which the 

number of participants who used CT processes appropriately or inappropriately in each task was 

determined. The quantitative values derived from coding the written evaluation papers within the two 

theoretical frameworks were used to provide a descriptive summary of category use and to complement 

the qualitative analysis. 
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Table 3 

The Categorisation Matrix for PSMP-based Tasks 

 1 2 3 4 5 6 7 8 9 10 

Data processing and updating X X  X X X X X X X 

Algorithm visualisation X   X    X  X 

Control of logical flow  X X  X  X  X  

Pattern recognition and 

generalisation 

    X X X X X  

Decomposition and coordination   X X     X X 

Modelling and optimisation   X X     X  

Testing and debugging X X X X X X X X X X 

Findings 

The data obtained from written responses and interviews indicated that participants exhibited 

behaviour patterns in CT tasks involving PSMP, demonstrating that they were in the Incorrect, Vague, 

and Incomplete Guidance phases, stemming from Absence of Diagnosis, and the Misaligned, Shallow 

or Indirect, and Deep Guidance phases, grounded in Diagnosis-based intervention. Below are findings 

from drawings, the written responses, and interview excerpts that define these six phases in Task 1, 

followed by evidence reflecting the number of participants in each guidance phase across 10 different 

PSMP-based tasks. Behavioural patterns, drawn from two representative tasks (one concerning a 

student’s error in the PSMP design and the other addressing the student’s erroneous thinking process 

about how a given PSMP works), indicated that participants who were unable to appropriately utilise 

CT concepts and processes tended to engage in non-diagnostic guidance, whereas those who applied 

these concepts appropriately predominantly provided diagnostic guidance. Task-level counts of 

appropriate and inappropriate CT process use were employed to provide a descriptive summary that 

complemented the qualitative findings. 

Participants’ Pedagogical Computational Thinking Guidance Phases in Programs that 

Simulate Mathematical Processes-based Tasks 

Task 1’s program simulates point movement in a Cartesian plane from the origin to a target (x, y) 

coordinate using a two-step process: a horizontal translation along the x-axis followed by a vertical 

translation parallel to the y-axis. The flawed program processed user responses from interaction blocks 

as numerical inputs for the variables 𝑥 and 𝑦 (data processing and updating), correctly guiding the 

purple dot sprite along the x-axis to reach (x, 0) from the origin but then erroneously directing it to move 

diagonally to (0, y) within one second, deviating from the intended algorithmic visualisation. To fix the 

program, the final command needed to be changed from “go to (0, y) in 1 second” to “go to (x, y) in 1 

second,” ensuring that the sprite moved parallel to the y-axis from (x,0) to (x, y) according to the 

assigned variable values, thus demonstrating proper testing and debugging. 

As illustrated in Figure 3, the trajectories described by P1, P2, and P3 did not accurately represent 

the movement generated by the given program. Their explanations and proposed responses to the 

student’s error were coded as non-diagnostic guidance. Failing to identify the bug, P1 claimed that the 

program functioned correctly and asserted that, with the example inputs 120 and 80, the purple dot 

would move as intended—first from the origin to (120, 0) and then to (120, 80)—and concluded that 

there were no bugs in the code, thereby providing misleading (incorrect) guidance. P2 misdiagnosed 

the program’s behaviour by claiming that the sprite would remain stationary at the origin and suggested 

that the x value entered by the user should be written into the final code block. This guidance was coded 

as vague because it proposed an input-dependent patch (hard-coding a single-run value) rather than 

diagnosing the bug mechanism in the final block or explaining how the program should preserve the x-

coordinate to reach (x, y). P3’s description of the sprite’s movement included an additional step that was 
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not produced by the algorithm. Specifically, P3 described the trajectory as a three-step path—

(0, 0) → (𝑥, 0) → (0, 0) → (0, 𝑦)—and depicted this in a drawing, even though the program did not 

contain any block that returned the sprite to the origin after reaching (x, 0). Although P3 suggested a 

change that would remove the bug, the guidance was coded as incomplete because it was not grounded 

in an accurate trace of the program: P3 introduced a return to (0, 0) that is not produced by the code and 

did not explain how the final block determines the sprite’s coordinates. 

 

P1 P2 P3 

   

Figure 3. Behavioural patterns in the absence of diagnosis (Task 1). 

P4, P5, and P6 accurately diagnosed the bug and noted that, when Sena’s current program was 

executed, the purple point moved sequentially to (0, 0), (x, 0), and (0, y) on the coordinate system. P5’s 

written explanation exemplified this trajectory: “The point moves horizontally from the origin to a 

position on the x-axis determined by the input value. Then, when the y value is entered, it moves and 

settles at a position on the y-axis at (0, y).” Consistent with these explanations, all three participants 

precisely depicted the unintended trajectory produced by the bugged program (Figure 4). 

 

(a) Existing bugged Program (b) Improperly debugged program (c) Intended (debugged) Program 

   
Output of the original bugged 

program (typical drawings by P4, 

P5 and P6). 

Output of P4’s misaligned fix. Output after P5’s and P6’s 

debugging. 

Figure 4. Program execution visuals: Bugged, Improperly debugged, and Intended. 

After explaining the program’s working mechanism and recognising that it did not function as 

intended, P4, P5, and P6 differed in the pedagogical guidance they provided to support debugging 

(Figure 5a–c). P4 (Figure 5a) recommended two changes: replacing x:(x) with x:(answer) in the 7th block 

and modifying the final block from x:(0) y:(y) to x:(answer) y:(answer). This guidance was coded as 

misaligned because it relied on the most recent user input stored in answer (i.e., the value entered for 𝑦), 

so the point reached (x, y) only when 𝑥 = 𝑦; otherwise, it ended at (𝑦, 𝑦) (e.g., 𝑥 = 120, 𝑦 = 50 resulted 

in (50, 50)). P5 (Figure 5b) suggested a stepwise fix: after taking the x input, setting answer to x and 

moving to x:(answer) y:(0), then prompting for y, and finally moving to x:(x) y:(answer). Although this 

produced the intended endpoint, it was coded as Shallow or Indirect because the guidance did not make 
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the underlying storage mechanism explicit: P5 showed awareness that the x-value must be retained (by 

carrying it through the x variable) but did not similarly emphasise storing the y-input in the y variable 

and then using y:(y) in the final movement. Instead, the y-value was treated as a transient second 

answer, which weakened the conceptual explanation of how both coordinates should be preserved 

through stable variable assignments across steps. In contrast, P6 (Figure 5c) provided deep guidance by 

explicitly linking the error to the final movement command and the loss of variable persistence across 

steps. P6 therefore recommended correcting the final command to glide (1) secs to x:(x) y:(y), explaining 

that the program’s correctness depends on preserving both inputs in their respective variables—x must 

remain stored in the x variable while y is stored in y—so that the final movement uses the maintained 

pair (𝑥, 𝑦) rather than overwriting one coordinate and breaking the intended two-step translation. 

 

Behaviour pattern of P4 Behaviour pattern of P5 Behaviour pattern of P6 

(a) 

 

(b) 

 

(c) 

 

Figure 5. Behavioural patterns at diagnosis-based intervention phases (Task 1). 

Guidance Phases Across PSMP-based Tasks: From Absence of Diagnosis to Diagnosis 

A spider chart displays values on radial axes extending from a common centre, with each axis 

representing one guidance phase. The spider charts in Figure 6 use the participant counts in the six 

guidance phases for each task to compare the distributions across the 10 tasks. The Average Spider 

Chart shows a near-even split between diagnosis-based guidance (52.5%) and absence-of-diagnosis 

guidance (47.5%), indicating a slight tilt towards diagnosis-based guidance (Figure 6). Tasks 1 and 6 

show a perfectly balanced distribution. Absence-of-diagnosis guidance is more prevalent in Task 2 

(53.6%), Task 3 (64.3%), Task 7 (67.9%), and Task 10 (57.1%); diagnosis-based guidance is more prevalent 

in the remaining tasks, especially in Task 4 and Task 5. 

Shallow or Indirect (22.5%) and Incorrect (20.7%) show the highest overall proportions, followed by 

Deep (16.1%), which is close to the equal-share benchmark per phase (16.67%). In contrast, Vague 

(13.2%), Misaligned (13.9%), and Incomplete (13.6%) show the lowest proportions in the Average Spider 

Chart. The Lowest vs Highest Values Across All Tasks Chart indicates substantial task-level variation 

in phase proportions. Analysing the task-specific spider charts shows that Deep peaks at 39.3% in Task 

5 and falls to 3.6% in Task 10. Misaligned peaks in Task 4, while Incomplete reaches its highest point in 

Task 7; however, Misaligned is not observed in Task 2, and Incomplete is not observed in Task 4 and 

Task 5. Shallow or Indirect peaks at 35.7% in Task 2 and reaches its lowest value (7.1%) in Task 7. 

Overall, even the least frequent phase, Vague, does not differ much from the equal-share benchmark 

(16.67%), and the presence of each phase across most tasks supports their overall occurrence. Despite 

task-level variation, the proportion of task responses involving diagnosis-based guidance—by 

identifying a program error or a student’s difficulty in understanding a given program—closely 

matches the overall diagnosis-based rate (52.5%). 
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Figure 6. Spider charts depicting participant counts at different guidance phases for each task and their 

averages across the 10 tasks. 

Appropriate and Inappropriate Use of Computational Thinking Processes 

In Task 3, the objective is to design a program that checks if a randomly selected number between 0 

(zero) and 90 is divisible by a divisor without a remainder, displaying a message indicating the result 

(divisible or not) for a set duration using a “looks” block. The program begins by assigning numerical 

values to the divisor, dividend, quotient, and remainder variables through an algorithm triggered by 

clicking the green flag. Then, another algorithm is executed by clicking the Aby sprite, where it checks 

whether the remainder is greater than 0 (zero) and less than the divisor. This sequence of separate 

algorithms demonstrates decomposition, while their ordered execution showcases coordination. 

Placing the quotient variable, the value obtained by the floor division of y/x, and the remainder 

variable, the result of the operation y - (divisor * quotient), inside the “if” and “else” sections of the 

conditional block, instead of under the green flag block, resulted in a bug that required testing and 

debugging. This bug disrupts the logical flow, as the value of the remainder variable passed into the 

conditional block is 0. Since 0 is not greater than 0, the number assigned as the dividend will always 

display “y is divisible by x” on the screen, regardless of whether it is divisible by 5 or not. 

To make the program that models the division operation functional and optimise it, the blocks that 

set the quotient and remainder variables should be placed immediately after the dividend variable 

within the event block (when the green flag is clicked), and these blocks that set the quotient and 

remainder variables should be removed from the conditional block (Table 4). 
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Table 4.  

Comparative Examples of Participant Behavioural Patterns: Inappropriate vs Appropriate CT Use (Task 3) 

Inappropriate Use of CT Processes in the Absence of Diagnosis Phase 

Decomposition 

and coordination 
P2 attributed the problem to a click-trigger issue and therefore overlooked the required 

coordination between the two event blocks. (P2: “the result might not have been displayed… 

because the sprite (Aby) wasn’t clicked …”). 
Control of 

Logical Flow 
P8 noted the remainder was “0 (zero)” but failed to imply that this triggers the else branch, 

claiming neither branch would execute. (P8: if the remainder were zero … It doesn't go to 

'if'. It also doesn't go to ‘else’.) 
Testing and 

debugging 
P11 assumed the program would behave as expected and therefore did not find the bug (P11: 

I think the program is correct. I believe it will work properly.) 

Appropriate Use of CT Processes in the Diagnosis-based Intervention 

Decomposition 

and coordination 
P10 explained that the program should be decomposed into two coordinated event blocks: 

the green-flag script assigns values (including quotient and remainder), and the Aby-

click script uses these values to decide which message to display. (P10: “Here, x was set 

to 5, and y was selected as 73 … The remainder is already 0 here (first event block). Since the 

remainder wasn’t assigned … no need for it to enter such a conditional block (second event 

block—‘when this sprite is clicked’) …”).  
Control of 

Logical Flow 
  P6 noted that because the remainder is 0, the condition “remainder > 0” is false, so the else 

branch executes and “y is divisible by x” is displayed. (P6: “0 is not greater than 0… it goes 

to the ‘else’…”). 
Testing and 

debugging 
P9 identified that the quotient and remainder blocks are wrongly placed inside the if–else 

structure and suggested moving them under the green-flag script, so the click-triggered 

script only checks the condition and displays the appropriate message. (P9: “remove these 

two from the ‘if-else’… place them … under the green flag … then check …”) 

P5 implied how the blocks should be arranged to debug the program, noting that the 

quotient must be computed before the remainder because the remainder depends on 

it. (P5: “It will actually calculate the quotient first because the remainder cannot be determined 

without the quotient.”)  
Modelling and 

Optimisation 
P9 identified redundancy in computing quotient and remainder inside both branches and 

suggested computing them once under the green-flag script to simplify the program. 

(P9: “These … should not be here. One of them being under the green flag would be sufficient.”) 

P5 reframed the task as modelling the division process by defining quotient and remainder 

through formulas (rather than assigning default values) and proposed a streamlined 

structure that reduces unnecessary blocks while preserving the program’s logic.  

(P5: “Let’s not set the remainder and quotient to 0… make the quotient… the floor of the division, 

Y/X … I used ‘Y minus quotient times X’ for the remainder.”) 

 

Task 5 (Figure 7), completed by Derfu (a hypothetical student), focuses on determining the values 

of 𝑥 and 𝑦 after the 20th iteration of a nested-loop program in which both variables start at 0, with an 

outer loop running five times and an inner loop running four times. Within each iteration, 𝑦 is updated 

to 2𝑥 + 𝑦, followed by updating 𝑥 to 𝑥 + 5. Tracing these updates yields a predictable pattern: after 20 

iterations, 𝑥 = 100 and 𝑦 = 1900. The task also targets Derfu’s reasoning, as the student concluded 𝑥 =

100 and 𝑦 = 200; participants were therefore asked to explain the program’s mechanism and to describe 

how they would guide Derfu to recognise and correct the misconception.  
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(a)  The existing program (b) Participant-suggested 

program 

(c) Participant-suggested 

program 

   

The Program in Task 5 completed 

by Derfu 

The program created by P12 to 

represent the student's erroneous 

thinking process 

The program created by P5 to 

represent the student's erroneous 

thinking process 

Figure 7. Existing program vs participant-suggested programs aligned with students’ erroneous 

thinking (Task 5). 

Table 5 differentiates participants by their data processing and updating, pattern recognition and 

generalisation, and their use of testing and debugging to locate the source of the mismatch between 

Derfu’s conclusion and the program’s iterative output. In the absence-of-diagnosis phase, P7 misapplied 

the update rules by treating 𝑥 as a simple count and assuming that 𝑦 resets each cycle, while P8 updated 

𝑥 correctly but did not treat 𝑦 as cumulative when 𝑦 is updated to twice the current 𝑥 plus the current 

𝑦. P9 relied on partial step-by-step computation and did not generalise the emerging pattern, and P10 

endorsed 𝑦 = 200 through a shortcut rather than testing how 𝑦 evolves across loop iterations. In the 

diagnosis-based intervention phase, P6 tracked both variables through successive cycles via systematic 

updating, and P11 generalised the pattern by formulating an explicit rule/series, yielding 𝑥 = 100 and 

𝑦 = 1900. Accordingly, P6 proposed checking the first few cycles to surface accumulation, P5 attributed 

Derfu’s error to a misreading of sequential flow within the loop, and P12 suggested a code variant 

designed to reproduce 𝑦 = 200 to make the misconception explicit (Table 5). 
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Table 5.  

Comparative Examples of Participant Behavioural Patterns: Inappropriate vs Appropriate CT Use (Task 5) 

Inappropriate Use of CT Processes in the Absence of Diagnosis Phase 

Data processing 

and updating 

P7  misread the variable-updating logic and assumed that the y value did not carry over 

between iterations, leading to the claim that y remained 0. (P7: “… y always results in 

zero.”) 

P8  correctly tracked the increase of x but did not recognise that y is cumulative, because 

each update depends on the current x and the prior value of y. This led P8 to 

underestimate y and treat it as remaining relatively small rather than becoming much 

larger through accumulation. (P8: I would explain to him that before x reaches 100, it would 

first be 95, and as a result, y would remain at 190 instead of reaching 200.) 

Pattern 

Recognition and 

Generalisation 

P9  relied on step-by-step computation of successive updates (rather than generalising a 

pattern) and therefore did not reach the later iterations needed for the final values.  

(P9: “We start with x = 0 and y = 0… x becomes 5… then 10… … I have reached the 10th and 

11th iterations.”) 

Testing and 

debugging 

P10  reduced the loop-based mechanism to a shortcut calculation and therefore did not test 

how 𝑦 accumulates across iterations; on this basis, they incorrectly validated Derfu’s 

outcome as correct. (P10: “5×4=20 … 20×5=100 … for y … 10×4=40 … 40×5=200 … Derfu 

didn’t make any mistakes.”) 

P7  proposed a code edit, but it neither surfaced Derfu’s reasoning nor reproduced Derfu’s 

stated 𝑦 = 200; instead, it generated a different (yet still incorrect) value (P7: If Derfu 

changes y to 2*x + x in the second-to-last code, she can find y by increasing x by 5): 

Appropriate Use of CT Processes in the Diagnosis-based Intervention 

Data processing 

and updating 
P6 approached the task through iterative updating, tracking how both variables changed at 

each iteration and extending this stepwise computation through to the 20th update, 

which reflects an appropriate use of data processing and updating. (P6: “I moved forward 

step by step, writing each one until the 20th step, up to the 20th iteration”; e.g., x =  0, y = 0; x 

= 5, y = 10; x = 10, y = 30; …; x = 100, y = 1900). 

Pattern 

Recognition and 

Generalisation 

P11 identified that 𝑦 accumulates as 0, 10, 30, 60, … and that the successive increments 

increase linearly, enabling a generalisation using the arithmetic-series sum. 

Accordingly, at the 20th iteration, 𝑥 = 100 and 𝑦 = 1900. (P11: “y takes the values 0, 10, 

30, 60, … and so on. The increase between these values forms a pattern … From this, x = 100, 

and y becomes … 𝑦 = 10(0 + 1 + ⋯ + 19) = 1900.”) 

Testing and 

debugging 
P12 proposed a code edit intended to make the program yield Derfu’s stated outcome  

(x = 100, y = 200); P6 stated that they would test the first few iterations step by step to 

show how (2𝑥+𝑦) accumulated and thereby surface Derfu’s misconception; and P5 

noted that they would correct Derfu’s belief that a block operates “outside” the loop by 

emphasising the program’s sequential flow (P12: If 10 is placed instead of the y variable, x 

= 100 and y = 200 will be reached in the final step;  P6: When I explained to Derfu the values in 

the first three steps of the expression and the pattern, she could realise that her thinking was 

incorrect;  P5: I would explain that the program proceeds sequentially, where the output obtained 

from one step is used in the subsequent step. The correct answer is x = 100, y = 1900). 

 

Frequencies in the Heat Maps of Appropriate and Inappropriate Uses of 

Computational Thinking Processes 

Across the ten tasks, participants in the Absence of Diagnosis phase struggled to apply CT processes 

effectively. Per task, 6–15 participants proposed ineffective approaches to identify or resolve PSMP 

errors, consistently struggling with testing and debugging (Figure 8). Tasks 1, 8, and 10 showed 

algorithm-visualisation errors among 11–13 participants. Task 3 showed decomposition/coordination 

challenges among 10 participants; Task 2 showed misapplied logical-flow control among 8; and Task 6 
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showed difficulties with pattern recognition and generalisation among 6. Figure 8 showed no recorded 

instances of inappropriate use of Modelling and Optimisation. 

 

 

Figure 8. In the absence of diagnosis: Inappropriate use of CT processes. 

In the Diagnosis-based Intervention phase, a notable number of participants (6–19) effectively 

employed testing and debugging across all ten tasks (Figure 9). Although Task 8 elicited the lowest 

engagement in data processing and updating, this process was also applied efficiently by substantial 

groups in other tasks (8–22 participants). Algorithm visualisation was successfully performed by 5 

participants in Task 10 and by 13, 16, and 15 participants in Tasks 1, 4, and 8, respectively; in each case, 

participants’ drawings accurately reflected the algorithm’s output. A strong understanding of logical 

flow in PSMP, or the ability to identify related issues, was demonstrated by 13 participants in Task 2 

and 22 in Task 5, and similar competence was evident in Tasks 3, 7, and 9, where 7 participants in each 

task managed the flow of if–else control structures effectively. Participants also demonstrated successful 

use of pattern recognition and generalisation, as well as decomposition and coordination, across 

multiple tasks. By contrast, engagement in modelling and optimisation was lower, though some 

participants performed successfully, likely reflecting the comparatively higher cognitive demands of 

this CT process. 

 

 

Figure 9. In diagnosis-based guidance: Appropriate use of CT processes. 

Discussion 

Teachers’ integration of core CT processes—decomposing complex problems into manageable sub-

problems, using stepwise solution strategies, and transferring learned approaches to analogous 

problems—across mathematical domains depends not only on understanding CT concepts and 
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principles but also on the ability to convey these processes so they cohere with the mathematical content 

students are learning (Yadav et al., 2016; Yadav et al., 2017). Such coherence is fostered when teachers 

deliberately connect mathematical ideas with CT-oriented pedagogical strategies (Mouza et al., 2017). 

Despite not yet implementing programming or CT in their classroom teaching, participants had 

completed a 32-hour PD designed to internalise CT processes through PSMP-based tasks; nevertheless, 

the findings demonstrate that, when presented with bugs in student-designed PSMP or with errors in 

students’ reasoning about a specific PSMP, a meaningful proportion could diagnose the error and 

provide effective guidance. Difficulties in diagnosis and guidance clustered among participants who 

misapplied the relevant CT processes; accordingly, professional development and teacher education 

should strengthen teachers’ enactment of core CT processes in PSMP tasks—especially tracing execution 

and testing/debugging—and explicitly develop error diagnosis and responsive questioning to enable 

deep, student-centred interventions. 

To prevent erroneous thought patterns from becoming habitual, teachers need pedagogical 

competence to diagnose student errors (e.g., logical deficiencies and faulty assumptions), select 

strategies to address them, and provide feedback that supports error correction (Seifried & Wuttke, 

2010). The present study delineates six developmental phases of mathematics teachers’ guidance in 

PSMP tasks—three non-diagnostic and three diagnostic—and indicates that some guidance forms do 

not reliably remediate students’ erroneous PSMP designs or flawed reasoning about a specific PSMP. 

Participants’ guidance also showed overlap between non-diagnostic and diagnostic forms, which is 

consistent with Wuttke and Seifried’s (2013) view that error identification and correction remain limited 

until sufficient competence develops and become more sophisticated as expertise grows. In this sense, 

a CT education approach that foregrounds students’ strengths and weaknesses can optimise learning 

and inform curricular and pedagogical decisions responsive to diverse cognitive needs (Garcia, 2021, 

2024). 

Seifried and Wuttke’s (2010) distinction between diagnosis-based and non-diagnosis-based 

guidance, together with Korkmaz and Alkan’s (2023) domain-specific analysis of teachers’ responses to 

student errors, converges on a common structure: guidance varies by (i) whether teachers accurately 

diagnose the error and (ii) how far their responses function as corrective support rather than leaving 

misconceptions intact. Seifried and Wuttke (2010) operationalised this structure through four guidance 

types, combining diagnosis (present/absent) with feedback quality (limited vs detailed and correction-

oriented). Korkmaz and Alkan (2023) articulated the same logic via six cases by distinguishing three 

non-diagnostic responses—accepting the error as correct or offering incorrect alternatives; offering no 

corrective explanation; or merely presenting the correct solution—from three diagnostic responses—

offering no guidance; providing an incorrect solution; or explaining the error while providing the 

correct answer. 

Applying this framework to PSMP tasks, the present study delineates six developmental phases of 

teacher guidance, grouped into three non-diagnostic and three diagnosis-based forms. When diagnosis 

is absent, guidance tends to be incorrect (misinterpreting error causes and reinforcing misconceptions), 

vague (superficial assistance reflecting an unclear grasp of PSMP principles and yielding imprecise 

support), or incomplete (providing instructions—or even the correct solution—without addressing 

underlying errors and misconceptions). When guidance is diagnosis-based, it is misaligned (diagnosing 

yet misconstruing error origins, with feedback that sustains misconceptions), shallow or indirect 

(general support that does not build a clear understanding of PSMP processes and CT principles), or 

deep (directly addressing errors via explicit reasoning with correct solutions or through guided self-

discovery), the latter fostering the CT skills required for designing effective PSMP. The observed 

concentration in non-diagnostic and early diagnosis-based forms is consistent with constraints reported 

in teacher education and professional development contexts with limited coding experience, where 

teachers often show underdeveloped CT competencies, a superficial grasp of CT concepts, difficulty 

with program mechanics, and consequential pedagogical challenges and instructional errors (Ketelhut 

et al., 2020; Mouza et al., 2017; Sentance & Csizmadia, 2017). 
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Participants in the “Absence of Diagnosis” phase could not appropriately deploy core CT processes 

(e.g., variable-based data handling, control flow, and debugging) because misconceptions and 

conceptual misunderstandings distorted their conceptual representations, resulting in fragmented and 

ineffective enactment. Diagnosis-based intervention, by contrast, was marked by participants’ ability 

to coordinate these processes more coherently, indicating a more integrated understanding of CT 

concepts and principles. This contrast mirrors the novice–expert divide in CT, where performance 

depends primarily on the quality of learners’ internal models of how programs and algorithms behave 

rather than on the execution of isolated procedures. Kohn (2017) documents recurring misconceptions 

about variable assignment in data processing and updating, including treating assignment as a 

mathematical equation (e.g., confusion over x = x + 1), assuming that a variable can hold multiple values 

simultaneously rather than only the most recent value, and failing to track how values change across 

loop iterations. Related work reports difficulties in building accurate mental models of program 

operation (Ben-Ari, 2001) and in mapping animated/graphical representations onto algorithmic steps 

(Ben-Bassat Levy et al., 2003), which constrains tracing and obscures how command structure governs 

control flow. Logical errors, in turn, often stem from misunderstandings of control blocks, conditions, 

and the expressions embedded in those conditions, producing unexpected output (Alqadi, 2024; Ben-

Yaacov & Hershkovitz, 2023; Zhang et al., 2023). Because resolving such errors presupposes advanced 

problem-solving strategies and a deep grasp of program flow and logic, these breakdowns remain 

particularly persistent among novices (Alqadi, 2024). 

While generalising recurring structures and recognising patterns are foundational for flexible 

program development, the present study likewise highlights that participants’ difficulties often 

clustered around pattern recognition, decomposition, and abstraction, namely filtering irrelevant detail 

to retain essential structure (Boom et al., 2022). Prior research further indicates that when tasks involve 

integrating multiple algorithmic functions within a single program, novices often experience 

decomposition breakdowns, including constructing inappropriate block structures, omitting necessary 

blocks, or compensating by adding superfluous blocks, whereas more proficient approaches typically 

converge on a more economical block structure that supports efficient program operation (Ben-Yaacov 

& Hershkovitz, 2023). This approach was also evident in the deep guidance provided by some 

participants in the present study, who proposed removing unnecessary code blocks when correcting 

the given PSMP. Debugging adds additional cognitive demands because it requires clarifying the 

program’s intended behaviour, identifying discrepancies between expected and observed behaviour, 

generating and evaluating hypotheses about error sources, and implementing and validating fixes 

(Alqadi, 2024). Debugging has been characterised as one of the most challenging CT practices, and it 

can remain difficult even for experienced programmers given the complexity of nontrivial programs; 

nevertheless, prior programming experience may ease debugging (Alqadi, 2024; Shahin et al., 2022). 

Implications for Mathematics Teacher Education and Development 

The findings have several implications for the preparation and professional learning of mathematics 

teachers who integrate CT into mathematics instruction. To begin with, teacher education should 

develop an integrated understanding of CT processes and mathematical pedagogy. Knowing how to 

decompose a problem, trace an algorithm, manage variables, or test and debug a program does not 

necessarily enable teachers to explain these processes or support students who encounter difficulties. 

This finding is consistent with Maher and Muir (2013), who demonstrated that an instrumental 

understanding of a mathematical procedure can constrain preservice teachers' ability to recognise and 

respond appropriately to students’ errors. Teacher education therefore needs to make explicit the 

connections between CT principles, mathematical content, and pedagogical decision-making (Mouza et 

al., 2017; Yadav et al., 2014, 2016).  

 The findings highlight the importance of developing teachers’ capacity to diagnose student 

thinking before intervening. The six phases of pedagogical guidance identified in this study suggest 

that providing a correct answer or a general instruction does not necessarily address the underlying 



From absent diagnosis to deep interventions                                 Kurban 

 

MERGA                                                                                    20                                                                                         

source of an error. Mathematics teacher education should therefore distinguish between identifying an 

incorrect response and explaining why the error occurred. This emphasis on interpreting the reasoning 

underlying students' responses is consistent with research showing that opportunities to reason about 

students' mathematical strategies can support the development of prospective teachers’ professional 

noticing and knowledge (Tekin-Sitrava et al., 2023). Research on teachers’ professional error competence 

similarly emphasises the importance of identifying the source of an error and selecting appropriate 

corrective support (Seifried & Wuttke, 2010; Wuttke & Seifried, 2013).  

Also, professional learning should provide structured opportunities to practise tracing, testing, and 

debugging, alongside decomposition, abstraction, and pattern recognition. The findings indicate that 

difficulties in applying these CT processes were associated with difficulties in diagnosing errors and 

providing appropriate guidance. Accordingly, professional learning should move beyond introducing 

CT terminology or familiarising teachers with programming environments. Teachers need repeated 

opportunities to predict program behaviour, trace changes in variable values, examine control flow, 

compare intended and actual outputs, and test possible corrections. These activities should be followed 

by reflection on how the same processes can be used to interpret student thinking and inform 

instructional responses. Kong et al. (2020) found that sustained participation in programming activities, 

opportunities to practise teaching, and reflection on pedagogy contributed to teachers’ development of 

CT-related knowledge and practices. The 32-hour professional development experience in the present 

study also suggests that participation in CT-focused training does not, by itself, ensure that teachers can 

consistently translate their learning into effective pedagogical guidance. Professional learning should 

therefore combine CT content knowledge with pedagogical practice, opportunities to apply learning, 

and reflection on teachers’ responses to student errors (Kong et al., 2020; Yadav et al., 2014). 

This study illustrated that the distinction between non-diagnostic and diagnosis-based guidance 

can help teacher educators examine not only whether a response is correct but also whether it accurately 

identifies the source of an error and provides support that enables students to understand and address 

it. The six pedagogical guidance phases could inform case-based activities, reflective tasks, and feedback 

on teachers' responses to simulated student errors. Such approximations of practice provide 

opportunities for teacher candidates to rehearse responding to errors before encountering the full 

complexity of classroom teaching (Baldinger & Campbell, 2021). This approach aligns with research that 

uses incorrect student solutions to examine preservice teachers’ capacity to identify misconceptions and 

explain mathematical reasoning (Korkmaz & Alkan, 2023).  

Conclusion and Limitations 

This study is distinguished by its dual focus on tracking the qualitative evolution of pedagogical 

guidance and quantitatively mapping the appropriate and inappropriate use of CT processes across 

PSMP-based tasks. By examining the link between teachers’ diagnostic capacities and their CT strategy 

use, the research deepens our theoretical understanding of the competencies required to effectively 

integrate PSMP-based activities into mathematics instruction. These insights suggest that a planned, 

structured, and curriculum-aligned integration of CT into education can enhance teachers’ ability to 

diagnose student errors in PSMP tasks while strengthening student-centred approaches that connect 

key mathematical concepts to real-world applications through CT. The findings also underscore the 

importance of specialised professional development that strengthens teachers’ TPACK for PSMP-based 

CT instruction, enabling them not only to design and develop PSMP activities but also to provide 

diagnostic, feedback-rich guidance that supports student self-discovery and the repair of 

misconceptions in both mathematical concepts and CT principles. In future research and professional 

learning contexts, the phases should be treated as an analytical framework for examining forms of 

guidance rather than as a validated, universal sequence through which all teachers necessarily progress. 

Further research is needed to establish how consistently the phases can be identified across contexts and 

whether teachers’ guidance varies according to the mathematical content, CT process, and task 

demands. 
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Restricting the written assessments to 28 participants in the current study—each having previously 

engaged in a PSMP-based CT education experience—may limit the generalisability of the findings to 

teachers with diverse CT backgrounds, particularly those without comparable specialised training. 

Reliance on pre-established theoretical frameworks in DQCA may confine coding to predetermined 

categories and obscure emergent themes, while exclusive use of written assessments and interview 

protocols may not capture authentic classroom practice, yielding a somewhat one-dimensional 

portrayal of teachers’ guidance. The absence of a control group, which would enable comparisons across 

differing levels of CT expertise, further complicates attributing observed outcomes specifically to the 

PSMP-based CT education. Although the qualitative design captured nuanced intervention behaviours 

and developmental phases, and the quasi-quantitative components (e.g., frequency counts and coding 

matrices) offered a snapshot of guidance patterns, a dedicated quantitative study using statistical 

analyses could sharpen these outcomes and strengthen generalisability. 
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