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ABSTRACT

	Aims:
This study aimed to explore students’ performance in mathematical modelling and to identify error patterns that emerge when solving a linear programming task involving the simplex method.
Study design:
A descriptive–exploratory study was conducted.
Place and Duration of Study:
The study was carried out in a mathematics education program at a public university in Indonesia during the semester in which students were learning linear programming and the simplex method.
Methodology:
Twenty-four undergraduate students completed a contextual optimization task requiring the construction of a linear programming model and its solution through simplex procedures. Students’ written work was analyzed using a mathematical modelling framework and an error analysis framework to identify performance trends and dominant error types. Analysis focused on descriptive patterns and cross-case tendencies rather than statistical inference.
Results:
Students showed stronger performance in initial modelling processes compared to procedural and reflective stages. Performance declined notably during the algorithmic execution phase, with limited success in interpreting and validating solutions. The most frequent difficulties were procedural in nature, particularly errors occurring during iterative simplex operations. Patterns across cases indicated that lower performance in algorithmic execution was associated with procedural errors, while weaker interpretation and validation were linked to difficulties in recognizing solution optimality.
Conclusion:
The study reveals a disconnect between students’ ability to formulate mathematical models and their capacity to execute and interpret algorithmic procedures. Strengthening procedural fluency and interpretive skills alongside modelling instruction may support more complete engagement in optimization tasks.



Keywords: error analysis; linear programming; mathematical modelling; mathematical thinking; modelling cycle; optimization education; process skill errors; simplex method

1. INTRODUCTION
Mathematics plays a crucial role in understanding and addressing problems encountered in everyday life as well as in professional and scientific contexts (Agbata et al., 2024; Banerjee, 2025; Cotič et al., 2024). The discipline provides structured ways of thinking that support logical reasoning, decision making, and problem solving (Ceballos et al., 2026; Tursynkulova et al., 2023). Learning mathematics is not limited to acquiring computational skills but involves developing the ability to interpret situations and represent them using appropriate mathematical forms (Hapsari et al., 2025). Such abilities are essential in preparing students to face complex and dynamic real-world challenges (Bhardwaj et al., 2025). This perspective places mathematics as both a theoretical and applied field of study.
Problem solving is widely recognized as a central goal of mathematics education (Santos-Trigo, 2024). Students are expected to engage with problems that require analysis, interpretation, and strategic thinking rather than routine procedures (Loyens et al., 2023; Prakong, 2024). Effective problem solving involves identifying relevant information, selecting suitable methods, and evaluating the validity of obtained solutions (Dacsa I, 2022; Pham et al., 2022). These processes require a combination of conceptual understanding and procedural fluency (Laswadi et al., 2016). The emphasis on problem solving highlights the importance of integrating various mathematical competencies in learning activities (Pham et al., 2022). 
Mathematical modelling emerges as a key approach in bridging abstract mathematical concepts with real-world situations(Apaza et al., 2025; Bassi & Brunetto, 2025; Bulut & Ferri, 2025; Kohen, 2025; Lu & Kaiser, 2022; Salha & Qatani, 2021; Tasarib et al., 2025). The modelling process enables students to translate contextual problems into mathematical representations that can be analyzed and solved (Darmin et al., 2024; Sa’diyah et al., 2025). This process involves several interconnected stages, including understanding the problem, formulating a model, solving the model, and interpreting the results. Each stage requires specific cognitive skills and careful reasoning. The complexity of modelling tasks makes them particularly valuable for assessing students’ comprehensive mathematical abilities (Blum & Ferri, 2009). 
In the context of mathematical modelling, students are required to coordinate multiple forms of knowledge simultaneously (De Almeida, 2017; Frejd & Bergsten, 2018). Conceptual understanding supports the formulation of meaningful models, while procedural skills facilitate accurate computations (Corrêa, 2021). Interpretative abilities are necessary to connect mathematical results back to the original context. Difficulties may arise when students are unable to integrate these components effectively. Such challenges often lead to incomplete or incorrect solutions, even when students possess partial understanding of the concepts involved  (Phuong, 2020; Shodikin et al., 2024). 
Linear programming represents one of the mathematical topics that strongly reflects the principles of modelling (Harini et al., 2025). It provides a structured method for optimizing outcomes under given constraints and is widely used in various real-world applications (Poler et al., 2025). Learning linear programming requires students to interpret contextual information, define variables, and construct mathematical models that represent the situation (Kenney et al., 2020). The process also involves applying algebraic concepts and logical reasoning accurately (Wakhata et al., 2022). These requirements make linear programming a suitable domain for examining students’ modelling abilities.
The simplex method is commonly introduced as a systematic algorithm for solving linear programming problems (Harini, 2024; Spielman & Teng, 2004). The method provides step-by-step procedures that guide students toward identifying optimal solutions (Wogu, 2014). Successful use of the simplex method depends not only on following algorithmic steps but also on understanding the underlying mathematical structure. Students must be able to connect the procedural operations with the model they have constructed. This dual demand often creates challenges in learning and application. 
Research has shown that students frequently encounter difficulties when working with linear programming problems. These difficulties include errors in translating contextual information into mathematical models and inaccuracies in performing computational procedures (Octaria et al., 2023). Some students also struggle to interpret the meaning of solutions within the given context (Fitrieyah & Mabrouk, 2024). Such errors indicate that challenges occur across different stages of the modelling and solution process. Understanding these errors requires a more comprehensive analytical perspective.
The present study focuses on analyzing students’ performance in solving linear programming problems using the simplex method through a modelling-based error analysis framework. The study examines how students engage with each stage of the modelling process and identifies the types of errors that emerge. Attention is given to the relationship between modelling competence and procedural execution. The findings are expected to provide deeper insights into students’ difficulties and support the development of more effective instructional strategies. This study contributes to strengthening the integration of modelling and algorithmic understanding in mathematics education.
2. METHOD

This study employed a descriptive–exploratory design to investigate students’ modelling performance and error patterns when solving a linear programming problem using the simplex method (Carvalho et al., 2005). The design was chosen to enable an in-depth analysis of students’ work, focusing on identifying patterns of performance and types of errors rather than making statistical generalizations. The study does not aim to compare groups or establish causal relationships; instead, it seeks to provide a detailed account of how students construct mathematical models, carry out algorithmic procedures, and make sense of results in the context of a linear programming task.

The participants were 24 undergraduate students enrolled in a Mathematics Education program. Participants were selected through purposive sampling. The selected class had previously completed prerequisite coursework related to linear programming and had recently received instruction on the simplex method, including exposure to primal–dual relationships. This ensured that participants possessed sufficient background knowledge to engage in the modelling, transformation, and algorithmic processes required by the task. The sample size aligns with the exploratory nature of the study, which prioritizes depth of analysis and detailed characterization of students’ work over broad generalization.

The research instrument consisted of a contextual linear programming task designed to elicit students’ modelling processes and solution strategies using the simplex method. The task required students to construct a primal linear programming model based on a real-world production context, derive the corresponding dual model, and solve the dual problem using the simplex method. The problem involved three decision variables and two resource constraints and required students to determine the optimal solution and interpret the results in context. This task structure enabled examination of multiple components of mathematical modelling, including understanding the problem, simplifying and structuring, mathematising, working mathematically, interpreting, validating, and communicating.

Students’ written responses were analyzed using two complementary analytical frameworks. First, students’ modelling performance was analyzed based on the mathematical modelling cycle proposed by Blum & Ferri (2009), which includes the stages of understanding the problem, simplifying and structuring, mathematising, working mathematically, interpreting, validating, and communicating. Each stage was evaluated using a four-level rubric ranging from 0 to 3, where higher scores indicated more complete and accurate performance.

Second, students’ errors were analyzed using the error analysis framework proposed by Anne Newman, which categorizes errors into reading, comprehension, transformation, process skill, and encoding errors (Santoso et al., 2017; Sukoriyanto & Desmayanti, 2021). Each observed error was coded according to predefined indicators corresponding to these categories. To ensure systematic identification and classification of students’ errors, an error coding scheme was developed based on Newman’s Error Analysis framework. Students’ errors were categorized into five types: reading, comprehension, transformation, process skill, and encoding errors (Kenney et al., 2020). Each category was operationalized through specific indicators used to code students’ written responses. The detailed coding scheme is presented in Table 1.

Table 1. Coding Scheme for Error Analysis Based on Newman’s Framework

	NEA Component
	Error Indicator
	Code

	Reading
	Students cannot identify decision variables from the question statement.
	R1

	
	Students misread numerical data (coefficients, constraints, constant values).
	R2

	
	Students misinterpret inequality symbols.
	R3

	
	Students cannot distinguish between objective function data and constraint data.
	R4

	Comprehension
	Students are unable to define decision variables accurately.
	C1

	
	Students do not understand that the problem is a maximization problem.
	C2

	
	Students misunderstand the terms “at least” or “no more than” in the constraints.
	C3

	
	Students do not understand the meaning of resource constraints in the context of optimization.
	C4

	Transformation
	Students incorrectly set up the objective function.
	T1

	
	Students incorrectly set up the constraint inequality model.
	T2

	
	Students did not add slack, surplus, or artificial variables as needed.
	T3

	
	Students incorrectly converted the model to standard form.
	T4

	
	Students were unable to correctly set up the initial simplex table.
	T5

	Process Skill
	Students incorrectly determined the input variables (pivot columns).
	P1

	
	Students incorrectly determined the output variables (pivot rows).
	P2

	
	Students did not perform the pivot operation correctly.
	P3

	
	Students made mistakes when performing elementary row operations during iteration.
	P4

	
	Students did not recognize the optimal conditions.
	P5

	
	Students did not realize that the solution was not feasible because the artificial variables remained in the basis with positive values.
	P6

	Encoding
	Students misinterpreted the results of the final simplex table.
	E1

	
	Students did not explicitly write down the optimal values of the decision variables.
	E2

	
	Students incorrectly stated the maximum value of the objective function.
	E3

	
	The final conclusion was inconsistent with the mathematical calculations.
	E4



Data analysis was conducted in three stages. First, students’ modelling performance was summarised descriptively across modelling stages to identify areas of relative strength and difficulty. Second, error patterns were analysed by calculating the frequency of each error type, allowing identification of the most prevalent categories of errors. Third, cross-pattern analysis was conducted to explore relationships between students’ modelling performance and the types of errors they made. This analysis focused on identifying recurring patterns across individual cases rather than testing statistical relationships, consistent with the exploratory nature of the study.

To enhance trustworthiness and analytical rigour, students’ written work was reviewed multiple times to ensure consistency in scoring and error classification (Kelp & Simion, 2023; Stahl & King, 2020). Discrepancies in coding were resolved through repeated examination of student responses. The use of established analytical frameworks for modelling and error analysis further supported the validity of the findings. The study acknowledges its bounded nature, as the analysis was conducted within a single class context.



3. RESULTS AND DISCUSSION

3. 1. Students’ Performance Across Modelling Stages
To address the first research question, students’ performance across the stages of the mathematical modelling process was analysed. Students’ written responses were evaluated based on seven modelling stages, namely understanding the problem, simplifying and structuring, mathematising, working mathematically, interpreting, validating, and communicating. Descriptive statistics were computed for each stage to provide an overview of students’ performance patterns. Table 2 presents the descriptive statistics of students’ modelling performance across the modelling stages.

Table 2. Descriptive Statistics of Students’ Modelling Performance Across Modelling Stages
	Modelling Stage
	Mean Score
	SD
	Min
	Max

	Understanding the problem
	2,875
	0,4484272031
	1
	3

	Simplifying/Structuring
	2,875
	0,4484272031
	1
	3

	Mathematising
	2,75
	0,6079187589
	1
	3

	Working mathematically
	1,291666667
	0,7506036218
	0
	3

	Interpreting
	0,375
	0,8242255917
	0
	3

	Validating
	0,3333333333
	0,8164965809
	0
	3

	Communicating
	0,5
	0,9780192938
	0
	3



Table 2 presents the descriptive statistics of students’ modelling performance across the seven modelling stages. Students demonstrated strong performance in the initial stages of the modelling process, with high mean scores for understanding the problem (M = 2.88), simplifying and structuring (M = 2.88), and mathematising (M = 2.75). These results indicate that most students were able to interpret the problem context, identify relevant information, and construct an appropriate mathematical model.

However, a substantial decline was observed in the working mathematically stage (M = 1.29), suggesting that students encountered difficulties in carrying out the algorithmic procedures required to solve the model using the simplex method. Performance further declined in the interpreting (M = 0.38), validating (M = 0.33), and communicating (M = 0.50) stages. These findings indicate that although students were generally capable of formulating a correct mathematical model, many struggled to execute the simplex procedure accurately and to interpret or communicate the results meaningfully.

3.2 Types of Errors Observed

To address the second research question, students’ written responses were analysed to identify the types of errors made when solving the linear programming problem using the simplex method. Errors were classified based on an established error analysis framework, consisting of reading, comprehension, transformation, process skill, and encoding errors. Table 3 presents the frequency of each error type identified in students’ solutions.

Table 3. Frequency of Error Types Observed in Students’ Solutions

	Error Category
	Error Code
	Frequency

	Reading
	R1
	1

	Comprehension
	C3
	2

	Transformation
	T4
	1

	Process Skill
	P1
	2

	Process Skill
	P4
	15

	Process Skill
	P5
	1

	Encoding
	E3
	1



Table 3 presents the frequency of error types observed in students’ solutions. Process skill errors were the most prevalent, with errors related to elementary row operations during simplex iterations (P4) being the most frequent. This indicates that many students encountered difficulties during the algorithmic execution of the simplex method. Errors related to determining pivot elements (P1) and recognising optimality conditions (P5) were also observed, although less frequently. In contrast, reading and comprehension errors occurred relatively infrequently, suggesting that most students were able to interpret the problem context but struggled with procedural execution. Only one student completed the task without any identifiable errors.

3.3 Patterns Between Modelling Performance and Error Types
To address the third research question, a cross-pattern analysis was conducted to explore the relationship between students’ modelling performance and the types of errors they made. Instead of conducting statistical tests, the analysis focused on identifying recurring patterns across individual cases. Table 4 presents the observed patterns between lower performance in specific modelling stages and the dominant types of errors associated with them.

Table 4. Relationship Between Modelling Performance and Dominant Error Types
	Modelling Stage (Low Score)
	Dominant Error Type

	Working mathematically
	P4 (Row operation / iteration errors)

	Working mathematically
	P1 (Pivot column selection)

	Interpreting
	P5 (Failure to recognise optimality)

	Validating
	P5 / P4

	Communicating
	E3 (Incorrect interpretation of objective value)



As shown in Table 4, students with lower performance in the working mathematically stage predominantly exhibited process skill errors, particularly those related to elementary row operations (P4). Similarly, difficulties in interpreting and validating stages were associated with errors in recognising optimality conditions.

3.4 Discussion
The findings of this study indicate a clear discrepancy between students’ ability to construct mathematical models and their ability to carry out and interpret the associated algorithmic procedures. Although students demonstrated strong performance in the early modelling stages, their performance declined substantially during the working mathematically stage and remained low in the interpreting and validating stages. This pattern suggests that students’ primary difficulties did not stem from understanding the problem context or formulating mathematical models, but rather from executing and reflecting on algorithmic processes.

This finding is consistent with previous research indicating that students often demonstrate reasonable competence in model formulation but experience difficulties when transitioning to procedural and computational stages of mathematical problem solving (Ario et al., 2025; Kandemir & Eryilmaz, 2025; Kaygısız & Şenel, 2023). Within the context of linear programming, the simplex method introduces additional cognitive demands, including iterative reasoning, pivot selection, and systematic execution of row operations. The high frequency of process skill errors observed in this study suggests that students’ procedural fluency in the simplex algorithm remains underdeveloped, despite their conceptual understanding of the problem structure.

Furthermore, the limited performance observed in the interpreting and validating stages highlights challenges in reflective thinking and sense-making after computational procedures. Students who failed to recognise optimality conditions or interpret the final tableau were unable to connect procedural outcomes back to the problem context. This indicates that procedural fluency alone is insufficient; students must also be supported in developing metacognitive and interpretive skills that enable them to evaluate and communicate solutions meaningfully.

The findings also highlight a critical gap between modelling competence and algorithmic execution. While students were able to translate real-world situations into mathematical models, this ability did not automatically translate into successful solution of the resulting mathematical procedures. This suggests that instruction in linear programming should not only emphasise model construction but also provide explicit support for algorithmic reasoning, iterative procedures, and reflective validation. Addressing this gap is essential for developing a more integrated understanding of mathematical modelling and problem solving.

4. CONCLUSION
This study examined students’ modelling performance and error patterns in solving a linear programming problem using the simplex method. The findings indicate that students generally demonstrated strong competence in the early stages of the modelling process, including understanding the problem, structuring the situation, and formulating the mathematical model. However, substantial difficulties emerged during the procedural and reflective stages, particularly in executing the simplex algorithm and interpreting the resulting solutions. This pattern suggests that the main challenges faced by students lie not in constructing mathematical models, but in carrying out and making sense of algorithmic procedures.

Error analysis further revealed that process skill errors, especially those related to elementary row operations and iterative procedures, were the most prevalent. In contrast, errors related to understanding the problem context were relatively infrequent. These findings indicate a clear gap between students’ conceptual modelling competence and their procedural fluency. The observed patterns suggest that difficulties in procedural execution limit students’ ability to progress through later modelling stages, particularly interpretation and validation.

Overall, the results highlight the importance of supporting students not only in developing modelling skills but also in strengthening procedural and reflective competencies required to solve optimisation problems effectively. Instruction in linear programming should therefore balance conceptual modelling with explicit attention to algorithmic reasoning and interpretative skills. Future studies could explore instructional interventions designed to bridge this gap and examine how improved procedural fluency influences students’ ability to engage in complete modelling cycles.
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