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When learning to program, students’ efforts can be hampered by a variety of misconceptions pertaining to fundamental 

programming concepts, which can prevent them from developing appropriate mental models of these concepts. This can 

create a barrier to learning and subsequently impact students’ confidence. As such, it is necessary to identify students 

who are likely to require support with learning to program at the earliest opportunity. This investigation utilises data 

collected from 285 first-year computer science undergraduate university students to examine the potential for using a 

pre-course aptitude test to predict the results of students’ first introductory programming assessment, thereby providing 

an indication of which students would benefit most from additional support from the outset. The aptitude test, which was 

developed as part of this investigation, collates information on students’ backgrounds and prior experiences, their 

perceived levels of confidence, and their likelihood of holding appropriate mental models for several core programming 

concepts. The data collected using the aptitude test were subsequently used to train a variety of regression and 

classification models to explore their potential for predicting students’ assessment results. This culminated in the 

selection of a Random Forest Regressor and a Random Forest Classifier to be refined using Sequential Feature Selection 

and then finally validated against a holdout test-set to assess the generalisability of these models. The Random Forest 

Classifier achieved a good level of performance during training (AUC = 0.8688, F1 = 0.8353, accuracy = 0.7450). 

However, this was seen to reduce when evaluated on the hold-out test set (AUC = 0.7670, F1 = 0.7020, accuracy = 

0.7020), demonstrating a moderate degree of overfitting, likely due to an imbalance in the classes being predicted and the 

limited amount of data available. In contrast, the Random Forest Regressor exhibited a generally consistent level of 

performance between training (RMSE = 0.1616, MAE = 0.1209) and testing (RMSE = 0.1713, MAE = 0.1396). 

Although there is still a sizeable margin of error, the results suggest that the Random Forest Regressor is not overfitting 
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the data and has the potential to be used as a guide for identifying students who would benefit from additional support. 

This work contributes a novel, pre-course, aptitude-testing approach that integrates students’ mental models, background 

factors, and perceived levels of confidence to enable early identification of students who may require additional support 

through the prediction of introductory programming assessment results. As such, these findings provide a foundation for 

future work to develop targeted support interventions that can be integrated into introductory programming modules. 

CCS CONCEPTS • Social and professional topics. Professional topics. Computing education 

Additional Keywords and Phrases: Computer Science Education, Programming Misconceptions, Mental Models, 

Assessment Prediction 

1 INTRODUCTION 

When students are attempting to learn to program at university level, their efforts may be hampered by a variety of 

misconceptions pertaining to fundamental programming concepts. These misconceptions can take a wide range of forms, 

from a complete misunderstanding of a concept, to simple, yet frequent mistakes that will result in logical errors within 

their programs (i.e., the program will compile but the output may not be what the student expects). Although many of these 

misconceptions may appear to be trivial to experienced programmers, they can be difficult for students to overcome [150], 

creating a barrier to their learning. 

The misconceptions students develop are potentially unknown to the student and are not likely to be addressed without 

specific intervention from teaching staff. However, as Bergin and Reilly [12] explain, it is common for there to be a very 

high student-to-lecturer ratio in university courses. Lecturers often do not know how students are performing until their 

first assessment, which can take place six to eight weeks into the course. By this time, students’ misconceptions will have 

become embedded and will be harder to overcome. Subsequently, prior research has highlighted the high failure rates in 

introductory programming courses, which were previously reported to be 33% on average [10, 159], although more recent 

studies suggest failure rates have begun to decline to between 25% and 28% [11, 144]. It is therefore essential to identify, 

as early as possible in the course, those students most in need of support, enabling timely interventions that directly address 

their misconceptions and may, in turn, contribute to further reductions in failure rates [127]. 

As such, numerous studies have attempted to develop methods capable of predicting students’ programming abilities. 

This is highlighted by a search for the phrase “predicting student programming abilities” within the ACM Digital Library 

returning over 600,000 results dating back to the 1970s. For example, Simon et al. [143] attempted to predict the 

programming abilities of students studying on an introductory programming module by using a series of cognitive tasks, 

including a paper folding test to evaluate their spatial visualisation and reasoning, map sketching to assess their design 

skills as well as their ability to make decisions based on these maps, and searching a phonebook to assess their ability to 

form searching strategies. Similarly, Bergin and Reilly [12, 13] examined students’ motivational and “comfort” levels 

using a questionnaire, which they believed would be able to predict students’ performance within an introductory 

programming module. Alternatively, a variety of data-mining approaches have been explored to predict students’ 

programming abilities [18, 40, 67, 96, 156]. 

The overarching aim of the present research is to identify students who are likely to require support within their 

introductory programming module at the earliest possible opportunity, allowing for appropriate interventions to be put in 

place [102, 127]. Therefore, this investigation can be viewed as an initial step towards this goal by seeking to explore 

whether it is possible to make predictions on students’ performance using an aptitude test (later termed the Programming 
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Checkup), which is issued to them before any teaching has taken place. As such, this work is guided by the following 

research question: Can students’ initial responses to the aptitude test be used to make predictions of their introductory 

programming assessment results?  

In the investigation reported below, data for the aptitude test were collected at the commencement of the students’ 

course and therefore prior to any formal teaching. The results were utilised as input to a model that attempted to predict 

the result each student would achieve within their first introductory programming assessment, given that it assessed 

students’ understandings of core programming concepts. This subsequently required an exploration of a variety of machine 

learning algorithms, with both regression and classification techniques being considered. These models can be built upon 

in future work that explores integrating the predictions into formal support mechanisms within the introductory 

programming module that students undertake. 

The primary contribution of this work lies in demonstrating that pre-course aptitude tests could be utilised to predict 

students’ performance in their introductory programming assessments prior to any teaching taking place. This study makes 

a novel contribution by combining measures of students’ mental models of core programming concepts with data pertaining 

to students’ backgrounds and perceived levels of confidence within a single pre-course instrument, enabling a more holistic 

examination of the factors influencing early programming performance. At this stage, the focus of the reported research is 

to examine whether it was at all possible to use the results from the aptitude test at the start of the course to make predictions 

on students’ assessment results. This is seen to be a challenging task, given the inherent difficulties of making predictions 

at such an early stage due to the variety of factors that can influence students’ performance [97]. Consequently, a degree 

of error can be tolerated when considering the performance of the models. As such, the contributions of this work serve as 

a foundation for future studies that build upon its findings to develop targeted support interventions that can be integrated 

into introductory programming modules. 

2 LITERATURE REVIEW 

2.1 The Difficulties of Learning to Program 

In their initial analysis of literature relating to the problems faced by novice programmers, Konecki and Petrlic [85] 

indicate that the consensus amongst both students and teachers is that programming is a difficult topic to learn. Robins 

[123] describes programming languages as “complex artificial constructs”, which, like natural language, “consist of a 

relatively small number of elements that can be combined in infinitely many productive ways” (p. 327). Consequently, the 

process of learning to program is often referred to as being slow and complex [66, 123, 124]. Rogalski and Samurçay [124] 

suggest that the complexities of learning to program stem from the fact it relies on a variety of cognitive activities, with 

students being required to develop accurate and reliable mental representations of the processes carried out during the 

development of a program, as well of basic programming concepts such as variables, loops and conditional statements that 

are, in effect, the building blocks students utilise to solve problems. Even the most basic of programming concepts are 

abstract in nature, with no real-world counterparts [66, 83], which consequently makes understanding and applying them 

appropriately an area of difficulty for students [34, 66, 92, 98, 99, 123]. Indeed, students’ knowledge is often limited to a 

surface level, “line by line” view of programs, resulting in them often struggling to identify where it is appropriate to use 

a particular concept, even if they have a general understanding of how it works [92, 113].  

The broad nature of programming is reflected in the five key areas of difficulty that students face when learning to 

program, as described by Du Boulay [23]: 
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1. General orientation – Students must develop an understanding of what programming is, the types of problems 

it can solve, and the benefits of learning it. 

2. Notional machine – Students can struggle to realise how a computer executes the instructions in a program 

because they lack an understanding of the notional machine. A notional machine represents an abstracted 

model of program execution that is influenced by the programming language being used rather than the 

specific computer hardware [8, 9, 56, 150]. Subsequently, a notional machine must be both simple enough 

for students to learn and comprehensive enough to support their understanding of programming concepts 

[56]. 

3. Notation – Students may experience problems with learning the syntax and semantics of a particular language. 

The semantics of a language can be viewed as an elaboration of the properties and behaviour of the notional 

machine. 

4. Structures – Students may face difficulties in applying the notation of a language when attempting to apply 

or adapt known schemas and plans to suit the requirements of a program (e.g., adapting a loop to compute a 

numerical sum). 

5. Pragmatics – Students must learn to apply their knowledge of programming to specify, develop, test and 

debug a program. This not only requires an understanding of how to write a program, but also how to identify 

and solve problems effectively. 

 

These five areas cannot be fully separated from each other and students are often overwhelmed during their first 

encounters with programming as they attempt to comprehend all the different issues at once [23]. As such, it is essential 

that students be adequately supported in the initial phases of learning to program. However, work by Berglund and Lister 

[15] has revealed a strong disconnect between teachers and students, as teachers tend to know little about their students’ 

world and motivations, instead basing lessons on their own understandings of a particular concept rather than on how it 

should be taught effectively. Therefore, to make the teaching more accessible, educators must adapt their methods to meet 

students’ viewpoints. 

As has been mentioned previously, learning to program is a slow and complex task [66, 124], with Winslow [162] 

suggesting it takes approximately 10 years to turn a novice programmer into an expert. Consequently, a three-year 

undergraduate course can only provide a platform from which students can develop their programming abilities. Naturally, 

the conversion from novice to expert has several intermediate steps. Winslow [162] cites a commonly referenced scale 

from Dreyfus and Dreyfus [49], a republished version of which [50] has been cited over 1700 times, which breaks down 

the novice/expert continuum into five stages: Novice, Advanced Beginner, Competent, Proficient and Expert. It is hoped 

that by the end of an undergraduate degree students should be ranked between competent and proficient [162]. However, 

with many students being unable to produce working programs at the end of their introductory programming modules [85], 

the aim of having many graduates being classed as at least competent programmers seems optimistic at best. Bruce et al. 

[27] investigated in detail the processes that students go through while learning to program. Through interviews conducted 

with students, Bruce et al.’s [27] study revealed that students who have adapted a surface orientation are merely learning 

the answers to questions or strings of code needed to complete tasks. This consequently results in them struggling to apply 

the concepts they have supposedly learned in later programming tasks. In contrast, students who adopt a deeper orientation 

to the subject provide themselves with much firmer foundations for learning more advanced concepts in later programming 

classes, as they are beginning to see the meaning in what they are doing. However, Bruce et al. [27] go on to state that if it 

is the intention of an introductory programming module for students to understand and integrate concepts, which 
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consequently allows them to see the “bigger picture”, then this must be explicitly incorporated into the teaching strategy. 

These remarks echo comments from Berglund and Lister [15], who note that teachers need to adapt their material to meet 

the views of the student to support them with learning to program. 

2.2 Students’ Interpretations of Programming Concepts  

One factor that may create a barrier to students successfully learning to program was identified by Sorva [150] which 

is that in some disciplines, there may be concepts that are not fixed but which are instead open to interpretation. This is not 

the case when it comes to programming, as concepts are precisely defined and implemented within programming 

languages, which may be misinterpreted by novice programmers. Although these misinterpretations may appear trivial to 

experts, misunderstandings can be widespread amongst novice programmers and difficult to overcome [150]. 

Students’ interpretations of fundamental programming concepts (correct or otherwise) can be described as their “mental 

models”, which can be broadly defined as mental representations of the properties and behaviours of given concepts that 

are based upon an individual’s prior knowledge and experience [105, 150]. Johnson-Laird, one of the pioneers of Mental 

Model Theory [130], suggests that humans view and interpret the world in accordance with their pre-existing mental 

models [71, 72]. Additionally, a set of general characteristics of mental models was developed by Norman [105], which 

highlights the fact that a person’s mental model typically only represents a limited portion of a particular concept. 

Furthermore, Norman [105] states that people’s ability to apply the model is often extremely limited, which in turn limits 

their ability to fully comprehend and utilise the concept to its fullest extent. The lack of appropriate mental models makes 

learning to program especially difficult, particularly for students who have not studied programming or computer science 

before, as mental models are constructed from what the student believes to be related prior knowledge [9, 150]. 

Although students may be able to develop an understanding of the syntax of the language, they are likely to lack 

appropriate models of programming concepts at the beginning of their course, which are of critical importance for solving 

programming problems [9, 59]. This initial lack of appropriate models is likely to make the process of learning to program 

more difficult for students, as when faced with unfamiliar scenarios, students will attempt to construct models based on 

superficially similar tasks, which may or may not be appropriate [9, 150]. The process of learning to program aligns with 

a constructivist view of learning in which students actively construct and revise mental models, which represent the actions 

that fundamental programming concepts perform when processed by a computer [8, 9, 84, 154, 157]. However, 

misconceptions can arise when these models do not accurately reflect program behaviour. It is therefore vital that teaching 

staff understand and account for any preconceptions students hold at the beginning of a course by explicitly teaching the 

mental model that students need to develop [8]; that is, by presenting walkthroughs of how a particular concept operates 

and addressing any commonly held misconceptions directly [152]. If students’ mental models are not considered within 

the teaching, it is likely that students will construct models that do not fully represent the concepts being taught, which will 

result in misconceptions being developed [162].  

The literature discussed in this section has so far demonstrated the importance of appropriate mental model construction 

for students who are learning to program. However, during the development of these models, students can inadvertently 

develop misconceptions that affect their understanding of the concepts they are trying to learn. Various definitions of what 

constitutes a programming misconception exist, with broad definitions being provided by Sorva [150], who defines them 

as “understandings that are deficient or inadequate for many practical programming contexts” (p. 4), and by Qian and 

Lehman [117], who view programming misconceptions as conceptual misunderstandings. A more direct approach is taken 

by Chiodini et al. [35], who state that a “programming language misconception is a statement that can be disproved by 

reasoning entirely based on the syntax and/or semantics of a programming language” (p. 381).  
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Chiodini et al.’s. [35] definition is tightly focused on misconceptions associated with a particular programming 

language, although they do acknowledge that misconceptions can exist across multiple languages. However, Evans et al. 

[55] take the view that misconceptions are the properties of the learner, not programs or languages, with Sorva [149] stating 

that generic misconceptions may lie behind more specific ones. Sorva [149] subsequently provides a comprehensive list 

of what he considers to be generic misconceptions that demonstrate inaccuracies in students' understandings of the 

execution of programs. Given the language-independent nature of the present investigation, the misconceptions being 

examined fall in line with the broader definitions of programming misconceptions [117, 149], with a view being taken that 

the misconceptions students demonstrate are “symptoms” of inaccurate mental models of a particular concept. 

A significant factor that can contribute to students developing misconceptions is the existing knowledge they bring to 

their programming classes – their “preprogramming knowledge”, as termed by Bonar and Soloway [20], hence the need to 

examine students’ previous experiences. Despite programming being a drastically different subject from what students 

have studied previously, it is not appropriate to treat it as being isolated from the wider world, as students are able to 

intuitively comprehend various programming concepts by drawing on content learned in other subjects, as well as their 

interactions with the physical world [111, 115, 117, 122, 123, 147]. 

Both Pea [111] and Bonar and Soloway [20] suggest that students draw on natural-language concepts when constructing 

mental models of programming concepts such as looping, decision making and specifying and following instructions in a 

set order. However, in some cases, the analogy of human-like conversations can lead students astray with their mental 

model construction. Similarly, Clancy [36] refers to the mismatch between some programming key words, such a “while”, 

and natural English, noting that such linguistic transfer can be a source of confusion for students. These kinds of simple 

misunderstandings form a barrier to the development of accurate mental models and become compounded into stronger 

misconceptions that can then interfere with students’ learning [34, 147]. These difficulties can be further exacerbated if 

English is not a student’s first language, as students are required to translate concepts into their native language, 

subsequently increasing extraneous cognitive load and creating an additional barrier to learning [65, 115]. 

Pea [111] has proposed that students’ difficulties in predicting program outputs (mentally tracing through the program 

and processing each instruction) may still be present after more than a year of instruction. Pea [111] further states that 

several misconceptions that students possess arise from a “superbug”, in which they believe that there is a “hidden mind 

somewhere in the programming language that has intelligent, interpretative powers” (p. 5). This conceptual superbug is a 

culmination of three individual classes of bugs (misconceptions) which can lead students astray [111], the first of which is 

the parallelism bug. Pea [111] explains that whilst it can appear in a variety of contexts, fundamentally the parallelism bug 

relates to when a student assumes different lines of a program can be concurrently active. For example, a student may 

mistakenly believe that a program will continually evaluate an if statement such as the following example: 

 

int a = 4; 

if (a > 5) 

{ 

    std::cout << "Hello World"; 

} 

Since the variable a has the value 4, the condition in the if statement evaluates to false, and therefore the code inside 

the if block is not executed. However, if later in the program the value of a is increased to a value greater than 10 students 

believe that the program would output “Hello World”, thus demonstrating a misunderstanding of the flow of control within 
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the program. The second class of bug identified by Pea [111] is the intentionality bug, which is where students demonstrate 

the belief that a program has the ability of foresight and can go beyond the information explicitly given in the code – in 

essence, making the program self-aware. Pea [111] also describes a third bug termed the egocentrism bug, which is the 

opposite of the intentionality bug and represents students’ mistaken belief that there is more meaning to the code that has 

been written than there actually is. Consequently, students believe that a program can do more than what it has been 

explicitly told to do, which could prove particularly frustrating as they struggle to get to grips with the basic syntax and 

semantics of the language they are trying to learn. 

Despite Pea’s [111] work being carried out over thirty years ago, “little has changed” according to Simon [142] when 

highlighting that students still struggle with issues relating to Pea’s [111] parallelism bug. Additionally, Kwon [91] 

provides a real-world example of the egocentrism bug where students declare multiple variables in accordance with the 

number of expected values – that is, students would define variables such as “m” and “f” (male and female) instead of 

declaring a single gender variable which could hold “m” or “f” as a value. Kwon [91] goes on to describe how students 

demonstrate the egocentrism bug by “assuming the computer would be able to tell the gender if they specified the gender 

in the form of “if m” or “if f”. This demonstrates a misunderstanding of how a conditional statement must be used to 

evaluate an if statement, while also showing an assumption that the program understands what is being implied by “if 

male”, which would be acceptable in natural language, but not within a computer program. 

Pea’s [94] description of the superbug reflects Du Boulay et al.'s [24] view that teaching students how to control the 

machine they are using is one of the more difficult aspects of learning to program. A notional machine aids students’ 

understanding of how programs are executed by providing an abstracted model of the computer, which is influenced by 

the programming language being used rather than the specific computer hardware [16, 17, 24, 150]. Sorva [149] highlights 

that many of the misconceptions that students exhibit is because of a lack of an appropriate mental model of the notional 

machine, as they do not have a clear model of how the program is executed. However, Sorva [149] goes on to state that in 

addition to understanding what happens when a program is run, students must also recognise that a notional machine (and 

therefore, a computer) only does what it is explicitly instructed to do by a programmer. Students who fail to recognise what 

needs to be defined within a program could be seen to be demonstrating elements of Pea’s [111] superbug. Support for the 

use of notional machines within introductory programming modules is provided by Johnson et al. [70], who argue that 

teaching introductory Python without the use of a notional machine can result in students developing misconceptions and 

inadequate mental models [46, 70]. 

Although Pea’s [111] work takes a more generalised view of students’ mental models of program execution, an alternate 

approach would be to examine students’ mental models of individual programming concepts. Such an approach was 

adopted by Dehnadi et al. [22, 42–44], who assessed students’ mental models of variable assignment using multiple-choice 

questions. Dehnadi’s [42] questions required students to predict the values of each variable after assignment operations 

had been carried out and ranged from simple one line assignment operations involving two variables, to more complex 

multi-line operations involving three variables. 

By using multiple choice questions, Dehnadi [42] was able to map each potential answer to a specific mental model. 

Originally, Dehnadi had predicted eight different mental models. although three more were uncovered throughout the 

course of the experiment. The preliminary test was administered twice to first year undergraduate students: at the beginning 

of the course and after the students had been taught about variable assignment and sequences. Dehnadi [42] revealed that 

after the first test, three groups of student responses were identified: 

 



8 

• Consistent – Students used a single mental model to answer all (or most) of the questions, with 44% of 

students being classed as consistent. 

• Inconsistent – Students used several mental models to answer questions, with 39% of students being classed 

as inconsistent. 

• Blank – Students refused to answer most of the questions, with 8% of students being classed as blank. 

 

Dehnadi [42] noted that most students became consistent in their model usage after the second test. However, he did 

not provide any exact data and focused subsequent analyses on the results from the first test. As only 60 students were 

included in Dehnadi’s [42] preliminary study, it is difficult to draw any statistically reliable conclusions. However, Dehnadi 

[42] indicated that a clear “separation of populations” (p. 29) could be observed when correlating the first test results 

against the official course results. Although a visual analysis of Dehnadi’s [42] results does indeed reveal a separation 

between the consistent and inconsistent/blank groups, no statistical tests are provided to corroborate this.  

Despite the lack of any in-depth statistical analysis, Dehnadi [42] documented his testing and marking process 

thoroughly, allowing his experiment to be replicated easily. However, Dehnadi’s [42] claims to have developed a 

categorisation method that is “more likely to be used as a reasonable predictor of success in introductory programming” 

(p. 35), cannot be substantiated without statistical evidence. 

It should be noted that additional claims made by Dehnadi and Bornat [43] regarding their aptitude test’s ability to 

accurately predict students who are likely to fail their introductory programming module were later retracted by Bornat 

[21]. Subsequently, Dehnadi’s [42] original study has been replicated several times by different researchers with mixed 

results. Bornat et al. [22] applied the test to 500 students across six institutions but they were unable to confirm the findings 

observed in their preliminary study. Consequently, Bornat et al. [22] reported that they were unable to separate the 

“programming goats from the non-programming sheep” (p. 8) within their expanded investigation, although they believed 

that their results indicate that further research into the consistency of mental models is warranted. 

Additionally, a study by Caspersen et al. [32] applied Dehnadi’s test to approximately 300 students and was unable to 

find a correlation like that originally presented by Dehnadi [42]. Caspersen et al. [32] question the viability of Dehnadi and 

Bornat’s interpretation of their results, stating that their test instrument “does not measure what it is supposed to” (p. 210). 

However, a study by Strnad et al. [151] provides support for Dehnadi’s aptitude test as a predictor of success with students 

who have had no prior programming experience. 

In response to criticisms, Dehnadi [22] revised the design of his aptitude test by expanding the total number of models 

being examined from eight to eleven, as well as by making the judgment for consistency more explicit and repeatable. 

Additionally, Dehnadi et al. [44] conducted a meta-analysis using the refined test to confirm the initial findings, the results 

of which support claims of a relationship between consistent mental model usage and student performance, but do not 

suggest any explanation for it. Ultimately, Dehnadi’s [42, 44] aptitude-test design presents an intriguing method for 

examining the mental models of students, which has had some mixed success in predicting the abilities of students with 

no prior programming experience and, as such, warrants further exploration. 

In addition to Dehnadi’s research analysing students’ mental models of variable assignment, there have been several 

studies that demonstrate students’ difficulties with developing appropriate mental models of core programming concepts 

through an examination of students’ misconceptions. Although not all studies explicitly refer to mental models, the 

misconceptions students demonstrate can be a useful indication that the mental model a student holds of a given concept 

is either incomplete or inaccurate. For example, students’ difficulties with understanding that a variable can only hold a 

single value that is not affected by the name of the variable have been uncovered [64, 75, 145]. Subsequently, 
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misconceptions relating to variable assignment (e.g., believing that 5 = A and A = 5) have also been prevalent in several 

studies [23, 100, 115, 116, 142, 145, 165, 166], thus supporting Dehnadi’s [42] methodology. Furthermore, the fundamental 

nature of variables to programming means that students who struggle to develop an appropriate understanding will face 

greater difficulties when attempting to comprehend more complex topics such as iteration [39, 142]. 

Pea and Kurland [112] state that handling conditional statements (“if” statements) is a major part of programming and, 

as such, it is reasonable to assume that a student who has sufficient understanding of conditional logic is more likely to 

succeed than a student without this understanding. To this end, several misconceptions have been identified that indicate 

students’ difficulties with grasping conditional logic. These misconceptions include continuously monitoring the if 

statement throughout the program – identified by Pea [111] as the parallelism bug – or alternatively, believing that if the 

if statement condition evaluates to false, then the program will stop, or that if the condition evaluates to true, that both the 

if and the else blocks are executed [115, 146, 153]. 

In addition, work by Grover and Basu [64] has identified students’ difficulties with grasping Boolean operators. 

Although most students answered questions involving the AND operator correctly, only half were able to answer questions 

about the OR operator correctly. A number of students exhibited a misconception whereby when both conditions are true 

the statement is evaluated to false, which Grover and Basu [64] explain is an embodiment of the natural-language use of 

“or”, as students believe only one of the conditions can be true, which is equivalent to the XOR (exclusive or) condition. 

Consequently, Grover and Basu’s [64] XOR misconception is an embodiment of Clancy’s [36] linguistic transfer 

assumption. 

Misconceptions that demonstrate potentially inadequate mental models have also been identified for two related 

programming concepts, namely, iteration and recursion [82]. Iteration, the simpler of the two concepts, involves repeating 

a block of code until a condition is met. However, students have been known to have difficulties identifying which lines 

of code are being repeated, as well as how many times the loop is repeated [31, 117, 146]. In some cases, students fail to 

recognise how the iterative loop affects the execution of the code [51, 64]. For example, the following “while loop” in C++ 

should produce an output of “0,1,2,3,4,5,”: 
 

int num = 0; 

while (num <= 5) 

{ 

 std::cout << num << ","; 

 num = num + 1; 

} 

However, students may predict that the code will repeatedly produce the same output of “0,0,0,0,0”, as suggested by 

Grover and Basu [55], or may simply not perform any iteration at all and produce an output of “0”. Although it is possible 

that students have misunderstood how the variable “num” is being incremented in this example, it is reasonable to assume 

that their difficulties stem from an inadequate mental model of iteration. As a result, they may be unable to comprehend 

that the code inside the while loop is repeated and that the value of “num” increases by one during each iteration. 

Recursion on the other hand, is a more complex concept than iteration, which Kahney [76] describes as a “process that 

is capable of triggering new instantiations of itself, with control passing forward to successive instances and back from 

terminated ones”. One of the most profound misconceptions amongst students relating to recursion is that they view a 
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recursive function in the same way as they view an iterative loop [62, 73, 90]. However, the complexities associated with 

recursion lend the concept to varying interpretations by students, although establishing an appropriate mental model for 

iteration prior to teaching recursion has been found to aid students’ comprehension of the latter [82, 160]. 

In conducting a study into students’ mental models of recursion, Kurland and Pea [90] identified several “general bugs” 

that were causing students difficulty. These bugs included: 

 

• Decontextualized interpretation of commands – Students carried out “surface reading” of programs, whereby 

they attempted to develop an understanding of each individual line of the program, thus ignoring the context 

provided by the previous lines. This is similar to the mental model identified by Dehnadi [42], where students 

do not carry the changes made by assignment operations on to subsequent lines. 

• Assignment of intentionality to program code – An embodiment of Pea’s [111] intentionality bug, whereby 

students did not differentiate the meaning of a command from the meaning of lines of commands they were 

expected to follow. 

• Overgeneralization of natural language semantics – Students interpreted keywords within the LOGO 

programming language as having their natural language meanings; that is, STOP or END would completely 

stop the program from running rather than ending a statement. 

• Overexaggerating of mathematical operators – Kurland and Pea [90] described how students expressed 

confusion when using numbers as inputs and when performing simple calculations, as well as how numbers 

were often seen as a source of discrepancies between the students’ predicted execution of the program and 

the actual result. Kurland and Pea’s [90] identification of students’ difficulties when mathematics is 

introduced into a program raises an interesting question about the relationship between mathematics and 

programming skill. Whilst some argue that students with a mathematical background are more likely to 

succeed within a programming course [12, 61], others state that students’ prior experience of mathematics, 

especially algebra, can lead to additional misconceptions such as assuming that a variable is only a 

representation of an unknown number, or the difference between assignment and equality operations [64]. 

• Mental model of embedded recursion as looping – The students in Kurland and Pea’s [90] experiment had a 

fundamental misunderstanding of how the concept of recursion works, resulting in them viewing it in the 

same way as they view iteration. 

 

Although Kurland and Pea’s [90] study was primarily focused on students’ mental models of recursion, it does provide 

an insight into issues associated with several general mental models that are likely to be detrimental to students’ learning. 

There does, however, appear to be a distinct lack of common approach for categorisation and analysis of misconceptions 

and the subsequent inappropriate and inadequate mental models that are constructed across the entirety of the introductory 

programming syllabus. This can be seen in the diverse ways that mental models and misconceptions are identified and 

presented across many of the studies reviewed in this section, which in turn, makes comparisons between concepts more 

difficult. 

Numerous studies have highlighted the prevalence and impact of misconceptions in learning programming, yet the need 

for early identification and targeted interventions remains a priority. Despite progress in understanding these challenges, 

much remains to be learned about the most effective strategies for addressing them. Subsequently, predicting students’ 

performance in introductory programming modules has become a key area of research within the computer science 

education community [114], with a wide range of approaches being explored, as demonstrated by the examples presented 
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within Table 1. However, the primary focus of much of this work takes place once students are enrolled within their 

introductory programming courses. This investigation addresses a gap in the literature by examining factors that influence 

students’ performance at the point of entry to their studies, before any teaching takes place, and exploring how these factors 

can predict outcomes in introductory programming assessments using a purpose-designed pre-course aptitude test. In doing 

so, the findings provide a foundation for the future development of targeted support interventions that could be 

implemented from the outset of a course. 

 

Table 1: Examples of Prior Research on Early Prediction of Introductory Programming Outcomes 

 

Study Sample Size Input 

Features 

Approach Used Reported Performance 

Bergin & Reilly [14] 123 students across 

multiple post-high 

school institutions  

Mathematics leaving 

certificate results, 

number of hours 

playing computer 

games and 

programming self-

esteem 

Logistic Regression 80% accuracy 

Simon et al. [143] 177 students studying 

introductory 

programming at 11 

post-secondary 

institutions 

Learning approach 

and spatial 

visualisation abilities  

Correlation Marks positively 

correlate with deep 

learning approach 

and spatial 

visualisation skills 

(statistics not 

reported) 

Blikstein et al. [19] 370 students from a 

single institution  

Code snapshots from 

students’ assignments 

Hidden Markov 

Models 

R2 = .938 (after 

excluding a single 

outlier). 

Hoq et al. [67] 772 students from a 

single institution 

Students’ 

programming 

submission metadata  

Stacked ensemble 

regression method 

RMSE = 0.18, R2 = 

0.41 

Llanos et al. [96] 754 students from a 

single institution 

Students’ grades, 

delivery time and 

number of attempts 

Variety of 

classification 

methods 

Best performance 

was from Gradient 

Boost Classifier – F1 

= 0.86 

Ayalew et al. [1] 138 students from a 

single institution 

Self-efficacy, test 

anxiety and goal 

orientation 

Stepwise linear 

regression 

R2 = .246 

Tomasevic et al. [156] 3166 students via the 

Open University 

Learning Analytics 

Dataset 

Demographic data, 

engagement statistics 

and course 

performance data 

Variety of 

classification and 

regression methods 

Classification: F1 = 

0.967 

Regression: RMSE = 

12.126 

Costa et al. [40] 262 undergraduate 

studying via distance 

learning and 161 

students studying on-

campus 

Demographic 

information and 

course performance 

Variety of 

classification 

methods 

Best performance 

was from Support 

Vector Machine – 

distance learning F1 

= 0.92, on-campus = 

F1 0.83 
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3 INVESTIGATION METHODOLOGY 

3.1 Investigation Context 

This investigation was conducted with first-year computer science undergraduate students at the University of 

Lancashire, with data being collected between 2019 and 2021. Ethical approval for this research was obtained through the 

University of Lancashire Psychology and Social Sciences (PSYSOC) Ethics Committee (Reference number: PSYSOC 

454). 

This investigation is firmly within the realm of quantitative research, given the use of an aptitude test as a means of 

collecting data to answer the research questions at the heart of this work, as well as the ambition to support the development 

of a predictive model.  As such, Bahari [2] states that Positivism and Objectivism are the appropriate epistemological and 

ontological orientations, respectively. The use of the aptitude test to examine factors that could influence a student’s 

success within their introductory programming module reflects a Positivist research philosophy, which is centred around 

the empirical testing of hypotheses in an objective and unbiased manner [2, 57]. The Objectivist philosophy is based around 

the premise that a reality can be established through the examination of relationships, and although the “true” depiction of 

reality may never be established, investigations such as the present one allow for an increasingly accurate picture of reality 

to be gained [2]. This aligns with the overarching aims of this investigation, which centre around gaining an insight into 

the factors, particularly at the start of a course, that influence students’ performance in their introductory programming 

module and exploring the potential for utilising these factors within a predictive model. 

3.2 Aptitude Test Design 

The notion of using a pre-course aptitude test as a means of identifying students who are likely to require additional 

support aligns with an equity-oriented approach to teaching and assessment, as it allows instructors to gain early awareness 

of their incoming cohort and to implement targeted interventions from the outset [54, 101, 140]. Whilst regular, low-stakes 

assessments administered early in a course have been shown to support learning [104], they still require students to have 

engaged with the course content, by which time misconceptions may already have begun to develop [9, 150]. Furthermore, 

intensive assessment schedules may negatively impact students’ self-efficacy, particularly when the purpose of assessment 

is unclear or when sufficient support is not available [140]. It is also important to acknowledge that a pre-course aptitude 

test may similarly affect self-efficacy, particularly for students with little or no prior experience. For this reason, the 

aptitude test must be explicitly framed as a supportive diagnostic tool intended to understand students’ current conceptions 

rather than a formal assessment of their learning. 

Despite its criticisms, Dehnadi’s [42] approach of using an aptitude test to directly examine students’ mental models of 

variable assignment was seen as an appropriate starting point for the design of the aptitude test used in this investigation. 

However, to support the validity of the aptitude test, it was necessary to explicitly consider the context in which it was 

intended to be used when designing the aptitude test [103]. The selection of factors for inclusion in the aptitude test was 

guided by prior research which demonstrated their relevance to predicting students’ performance in introductory 

programming modules, while also ensuring that they were suitable for administration prior to any teaching taking place 

[45, 103]. Furthermore, to support the content validity of the aptitude test, a series of pilot studies were conducted to refine 

its design by removing unnecessary sections that contributed to excessive completion times and by addressing issues related 

to question wording and formatting prior to formal data collection taking place [37, 45]. 

As such, the final version of the aptitude test comprised the sections described as follows. 
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3.2.1 Section 1: Background Factors, Motivations and Comfort Level 

The mental models that students construct are influenced by what they believe to be relevant prior knowledge [9, 150]. 

As such, it is important to establish an understanding of students’ previous experiences, as students at university level are 

likely to come from a wide range of backgrounds and have a variety of prior knowledge, which could potentially be a help 

or a hindrance when learning to program. An obvious starting point is to determine whether they have had any prior 

programming experience, as students who have been exposed to programming will have begun to construct their own 

mental models of fundamental programming concepts. However, it is also important to understand the context in which 

students have previously been learning to program. For example, it is valuable to determine whether they have been 

teaching themselves to program, as this could be indicative of the motivation of the student. Previous work by Bergin and 

Reilly [13] has revealed that intrinsically motivated students, who are driven by the satisfaction of performing well in their 

course, show increased levels of performance as opposed to extrinsically motivated students who are primarily motivated 

by the rewards they can gain or to avoid punishment. Subsequently, students who have taught themselves to program are 

likely to be intrinsically motivated given that they are indicating programming is a subject that they wish to engage in, 

rather than what they are forced to be doing as part of their course. 

Curzon and Rix [41] revealed that one of the major motivations for students wanting to learn to program at the beginning 

of their courses was their desire to become a professional programmer. Students wishing to pursue a career involving 

programming are likely to be intrinsically motivated to perform well within their introductory programming course. 

However, Curzon and Rix [41] note that the proportion wanting to become a professional programmer dwindles as they 

progress through their course, which is likely due to the difficulties students encounter when learning to program. 

There is also compelling evidence from the literature of a link between mathematics experience and programming 

abilities [12, 29, 61, 81, 161]. As such, it is important to identify students who have studied mathematics, or other math-

based subjects such as physics or engineering (after completing secondary level education) to allow the impact of this 

additional experience on students’ programming abilities to be examined. 

Additionally, students’ own estimations of their abilities, including their beliefs of how they are performing or will 

perform within their introductory programming module has been found to have had reasonable success in predicting 

students’ programming abilities [12–14, 118, 161]. The term “comfort level” has been used to represent a series of variables 

that can be combined to produce a single continuous variable that is indicative of a student’s level of anxiety surrounding 

a programming course [12, 161] 

Studies by Bergin and Reilly [12, 13] as well as by Wilson and Shrock [161] have revealed comfort level to be a 

significant predictor of student performance, although comfort level questions were ultimately not included within the final 

predictive model developed by Bergin and Reilly [12, 13, 118]. However, several of the factors that are used to calculate 

the comfort-level score, such as students’ levels of anxiety when asking questions in class, would not be appropriate for 

use in the present aptitude test, which would be administered prior to any teaching. Nevertheless, students’ initial beliefs 

about the difficulty of learning to program may be indicative of their subsequent programming performance, as fear of 

programming has been shown to form a “very real, almost physical barrier that causes intense emotions, a loss of 

confidence,” ultimately resulting in a block in students’ learning [125]. 

Additionally, it is important to consider factors such as gender, as prior studies have observed female students 

outperforming male students within an introductory programming module [95, 119]. Whether English is a student’s first 

language should also be considered, due to the additional difficulties that non-native English-speaking students face when 

attempting to learn to program [65, 120]. 
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3.2.2 Section 2: Modified Self-Efficacy Scale 

Prior research has revealed significant relationships between students’ levels of self-efficacy, which is a representation 

of their own judgments of their capabilities [6, 7], and factors including introductory programming course performance, 

levels of emotional engagement and occurrence of misconceptions [78, 80, 155]. 

Self-efficacy is not a personality trait that can measured by generic tests [6, 7, 121]. As such, it is essential that a self-

efficacy scale that is specific to introductory programming be used when evaluating students’ programming abilities. One 

such scale is Ramalingam and Wiedenbeck’s [121] “Computer Programming Self-Efficacy Scale”, which has been 

employed in numerous studies ranging from investigations of students’ computer anxieties [48] to evaluating alternative 

pedagogic approaches and assessment styles for introductory programming courses [139, 158, 167]. Ramalingam and 

Wiedenbeck’s scale analyses students’ programming self-efficacy using a series of 32 questions relating to object-

orientated C++, with a focus on “meaningful programming tasks: designing, writing, comprehending, modifying and 

reusing programs” [121], with answers being recorded using a 7-point scale ranging from 1 (not at all confident) to 7 

(absolutely confident).   

Given its widespread use [167], Ramalingam and Wiedenbeck’s [121] scale provides a firm foundation for assessing 

students’ self-efficacy levels related to programming in general. However, Bandura [7] states, one measure does not fit all 

scenarios, meaning several small modifications are required to make Ramalingam and Wiedenbeck’s [121] scale suitable 

for use within the aptitude test. For example, Ramalingam and Wiedenbeck [121] partitioned their original scale questions 

into four factors: Factor 1 – Independence and persistence; Factor 2 – Complex Programming Tasks; Factor 3 – Self-

Regulation; and Factor 4 – Simple Programming Tasks. However, as the aptitude test is focused towards assessing students’ 

fundamental programming skills, it was decided to omit the Complex Programming Task (Factor 2) questions, as many of 

the questions bared no relevance to the objectives of the aptitude test. Additionally, several of the Factor 2 questions pertain 

to the identification, creation, and use of classes, which falls outside the scope of the current investigation. The remaining 

questions were presented in the same order as Ramalingam and Wiedenbeck’s [121] original scale, with one minor 

alteration being made through the removal of any specific references to C++ and replaced with “any programming 

language”, to make the aptitude test language independent. Additionally, Ramalingam and Wiedenbeck [121] provided 

instructions to students when completing the scale, which have been replicated in this study, without referring to a specific 

programming language.  

3.2.3 Section 3: Mental Model Diagnostic Questions 

This section of the aptitude test posed a series of questions designed to identify any misconceptions held by students 

pertaining to a number of key programming concepts. This subsequently allows for an estimate of how likely a student is 

to be holding appropriate mental models for a given concept by evaluating their responses to relevant questions using 

Bayesian Knowledge Tracing (BKT). BKT originates from Corbett and Anderson’s work with intelligent tutoring systems 

[38]. Within BKT, students’ knowledge is a latent variable, and it is assumed that skills (knowledge components) can be 

represented in a binary fashion by being either mastered (learned) or not (not learned) [38, 164]. This approach to modelling 

students’ knowledge can be represented as a Hidden Markov Model, as seen in Figure 1 [3]. 
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Figure 1: Bayesian Knowledge Tracing Hidden Markov Model from “Big Data and Education” by R. Baker, 2020, 

University of Pennsylvania 

 

BKT utilises four parameters to model students’ knowledge [3, 38]: 

 

• 𝑃(𝐿0) – the initial probability that a student knows a particular skill. 

• 𝑃(𝐺) – the probability that a student does not know a skill but guesses the answer correctly. 

• 𝑃(𝑆) – the probability that a student does know a skill but has made a small error (a slip). 

• 𝑃(𝑇) – the probability that a student will learn the skill and transition from the not learned state to the 

learned state. This is assumed to be a constant value. 

 

As students practice each skill, the estimated probability of them knowing the skill, 𝑃(𝐿), is updated by first calculating 

the probability of whether the student knew the skill before answering the question using either Equation 1, where they 

answered correctly, or Equation 2, where they answered incorrectly, and then accounting for the possibility that the student 

has learned the skill while completing the task using Equation 3) [4]. 

 

𝑃(𝐿𝑛−1|𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑛) =  
𝑃(𝐿𝑛−1)∗(1−𝑃(𝑆))

𝑃(𝐿𝑛−1)∗(1−𝑃(𝑆)) + (1−𝑃(𝐿𝑛−1)) ∗ (𝑃(𝐺))
    (1) 

𝑃(𝐿𝑛−1|𝐼𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑛) =  
𝑃(𝐿𝑛−1)∗(𝑃(𝑆))

𝑃(𝐿𝑛−1) ∗ 𝑃(𝑆) +(1−𝑃(𝐿𝑛−1)) ∗ (1−𝑃(𝐺))
    (2) 

 

𝑃(𝐿𝑛|𝐴𝑐𝑡𝑖𝑜𝑛𝑛) =  𝑃(𝐿𝑛−1|𝐴𝑐𝑡𝑖𝑜𝑛𝑛) + ((1 − 𝑃(𝐿𝑛−1|𝐴𝑐𝑡𝑖𝑜𝑛𝑛)) ∗ 𝑃(𝑇))     (3) 

 

Within the context of this investigation, 𝑃(𝐿) represents the likelihood of a student holding an appropriate mental model 

of a given concept, which is established by examining each relevant concept and evaluating whether the student has 

answered it correctly, or whether they have displayed a misconception associated with it. 

Whilst BKT was not originally designed for use with aptitude tests, Pardos et al. [110] have demonstrated that it can be 

adapted for use in contexts other than Intelligent Tutoring Systems. Subsequently, the use of BKT is explored in this study 

as it focuses on individual knowledge components, which in this context represent students’ mental models of specific 

programming concepts. This concept-level focus aligns with the overarching intention of the work, whereby the aptitude 

test provides an initial evaluation of students, which can inform future support interventions designed to offer targeted 

assistance as they progress through their introductory programming module. 

Not 

Learned 

Learned 

𝑃(𝐿0) 

𝑃(𝑇) 

Correct Correct 

𝑃(𝐺) 1 − 𝑃(𝑆) 
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The main concepts covered within the questions included: variable assignment; conditional statements; and iteration. 

However, additional areas that may cause misconceptions were also examined alongside the main topics, including 

program flow (Pea’s [111] parallelism misconception), output statements, and whether the names of variables affect what 

they can hold. As such, the concepts examined within the questions broadly align with the notion of threshold concepts, as 

they are typically associated with key areas of difficulty and, once understood, can transform how students understand a 

subject and support further conceptual development [25, 77, 79, 129, 148]. 

To ensure that the aptitude test was language-independent, pseudocode based on the OCR GCSE Pseudocode 

Guidelines [106] was used for all programming-based questions, as the test places more emphasis on students’ abilities to 

deduce answers logically rather than their understanding of the syntax of a particular language. For example, Figures 2 and 

3 demonstrate variable assignment-based questions; including both single assignment operations (Figure 2) and multiple 

assignment operations (Figure 3), which are derived from Dehnadi et al.’s work [22, 42–44]. However, unlike their original 

aptitude test, students were not presented with a list of answers to choose from and were instead allowed to input their own 

values for each of the variables after the statements had been executed. Whilst open-ended questions may increase the risk 

of erroneous responses, they prevent students’ answers from being influenced by the provided options. Furthermore, they 

also allow for the identification of additional misconceptions that may not have been previously considered, based on 

patterns in students’ responses. 

 

 

Figure 2: Example of a Single Assignment Operation Question 

 

 

The variables ‘A’ and ‘B’ are initialised in the lines of code below. 

A = 10 

B = 20 

 

What are the values of ‘A’ and ‘B’ after carrying out the following operation? 

A = B 
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Figure 3: Example of a Multiple Assignment Operation Question 

 

Misunderstandings surrounding conditional statements can cause students significant difficulties when writing 

programs of their own [112]. As such, questions which directly evaluated students’ comprehension of the AND, OR and 

NOT operators were adapted from Grover and Basu’s [64] assessment design, as shown in Figure 4. 

 

 

Figure 4: Example of a Boolean Operator Question 

 

Students were required to select all appropriate answers for the question to be considered correct. This approach was 

subsequently expanded to include assessment of students’ ability to correctly trace the execution of if statements, as shown 

in Figure 5. Questions relating to iteration followed a similar vein to the variable assignment-based questions, as students 

were required to examine the code and answer an open-ended question, as can be seen in Figure 6. 

 

 

The variables ‘A’, ‘B’ and ‘C’ are initialised in the lines of code below. 

A = 5 

B = 3 

C = 7 

 

What are the values of ‘A’, ‘B’ and ‘C’ after carrying out the following operation? 

A = C 

B = A 

C = B 

 

Which of the following words starts with a ‘d’ OR ends with an ‘e’? 

Select all words this applies to. 

☐ dance 

☐ delicious 

☐ soccer 

☐ share 
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Figure 5: Example of an If Statement Based Question 

 

 

Figure 6: Example of an Iteration Question 

 

 

Which of these words would result in the following program outputting False? 

Select all words this applies to. 

if word.firstLetter == t AND word.lastLetter == s then {  

print "True"  

}  

else {  

print "False"  

} 

☐ tongue 

☐ trains 

☐ goals 

☐ guitars 

 

  

Examine the following code. 

What would be outputted on the screen when it is run? 

i = 0 

while i <= 5 { 

 print i 

 i = i + 1 

} 
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Figure 7: Example of Variable Assignment with Inferred Meaning Variables Question 

 

As was noted previously, the potential for students to be holding misconceptions that are not confined to the concepts 

of variable assignment, conditional statements or iteration were also examined through their responses to questions. For 

example, output statements, which in this scenario are indicated with the keyword “print”, occur in questions across 

all topics, consequently, students’ answers may contain misconceptions associated with output statements, such as 

outputting the name of a variable rather than its value. 

Students’ understanding of the flow of control within a program was examined within both conditional statement and 

iteration-based questions to determine whether students correctly understood the order in which statements are executed.  

For example, a subsequent question to that shown in Figure 6 is the same but the statement “i = i + 1” is placed 

above “print i” instead of below it, as shown in Figure 6. If a student correctly understands the flow of control, then 

they will recognise that “i” is now being incremented before being outputted and as such, produces an answer of “1 2 3 

4 5 6” as opposed to “0 1 2 3 4 5” for the original question. Students who hold the parallelism misconception will fail to 

recognise the difference and, assuming they correctly understand iteration, would answer “0 1 2 3 4 5” for both 

questions.  

Additionally, the potential exists for students to mistakenly believe, through a misconception which is similar in 

nature to Pea’s [111] intentionality bug, that a variable’s name affects the values it can hold. For example, a student 

could mistakenly believe that a variable called “largest” will always hold the largest value [75, 117], as shown in Figure 

7. Each of the questions that examines whether a student believes variable names influence the values they can hold has 

an identical counterpart question, which uses single character variable names, therefore, allowing for students’ answers 

to be compared to establish whether students hold this misconception. 

Students’ perceived level of confidence has previously been seen to significantly influence their performance within 

introductory programming courses [125]. As such, students were asked to rate how confident they were that they had 

answered each question correctly using a 0 – 100 scale, subsequently allowing for a direct evaluation of their confidence 

in applying each concept, as well as across the aptitude test. Finally, students were asked to rate how much mental effort 

they felt was required to answer questions on each of the three main concepts being examined using a 9-point Likert scale 

ranging from very, very low mental effort (1) to very, very high mental effort (9). Previous research has shown this to be 

an exceptionally reliable measurement of mental effort and, in turn, cognitive load [109]. As such, it was hoped that the 

The variables ‘smallest’, ‘middle’ and ‘largest’ are initialised in the lines of code below. 

smallest = 1 

middle = 8 

largest = 11 

What are the values of ‘smallest’, ‘middle’ and ‘largest’ after carrying out the following 

operation? 

largest = smallest 

middle = largest 

smallest = middle  
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mental effort ratings could potentially provide an indication of students who may be susceptible to experiencing cognitive 

overload [163].  

3.3 Approach to Data Collection 

To allow greater flexibility with question design and to ease distribution and result collation, it was decided to distribute 

the aptitude test to students online, as opposed to the paper-based approach taken by Dehnadi [42]. It is important to stress 

that participation in this study was optional, and all responses were anonymised in accordance with the ethical approval 

obtained for this research. It should also be noted that students’ university ID numbers were recorded to allow for their 

aptitude test results to be compared to their introductory programming module grades. Students were incentivised to take 

part by being entered into a prize draw for one of five £10 Amazon gift cards, as well as by being able to receive feedback 

on their answers. Additionally, the aptitude test was termed the “Programming Checkup” to avoid any negative 

connotations with the word ‘test’, although it was made clear to students that their participation would have no bearing on 

the evaluation of their performance in their introductory programming module.  

Commencing in September 2019, and extending across a period of three years, the Programming Checkup was 

presented to all first-year computer science students at the University of Lancashire during the first week of their degree. 

It should be noted that the second and third years of data collection were impacted by the Covid-19 pandemic, which 

necessitated that teaching, and therefore, data collection with the Programming Checkup, had to be carried out solely online 

during the second year of the investigation (Academic Year 2020-2021). Subsequently, teaching and data collection during 

the third year of the investigation (Academic Year 2021-2022) was carried out in a hybrid setting, which included both in-

person and online sessions. Teaching in the latter part of Academic Year 2019-2020 was also impacted by the pandemic, 

although this was constrained to the final weeks of the introductory programming course and students’ submissions of their 

second assessment. As a result, data collection with the Programming Checkup and students’ first assessment were not 

affected during the first year of the investigation. Nevertheless, efforts were made to ensure that both teaching, and data 

collection were as consistent as possible across all three years of the investigation. A full account of the Programming 

Checkup can be found within the Open Science Framework (OFS) repository for this article:  

https://osf.io/exyh9/overview?view_only=e6a36185548646ec8210d1a21e1caab3 

4 PREDICTIVE MODEL DEVELOPMENT 

4.1 Model Objectives 

Previous research into developing predictive models of programming performance has used students’ results in their 

introductory programming module (sometimes referred to as CS1) as the outcome variable to be predicted. For example, 

in their study of motivation and comfort-level, Bergin and Reilly [13] were able to produce a regression model that was 

able to account for 60% of the variance in students’ overall performance in their introductory programming module. An 

alternative approach taken by some researchers has been to dichotomise students’ results into “pass” and “fail” categories, 

with some placing the decision boundary at 50% [33] and others at 40% [94, 156]. 

Although the assessments undertaken by students differ across institutions, it was decided that the most appropriate 

dependent variable for this investigation would be the results students achieve on their first introductory programming 

assessment (Assessment 1), which is completed at the end of the first semester. This assessment was chosen rather than 

the overall module grade as it focuses on evaluating students’ core programming skills (use of variables, text input/output, 
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conditional statements, loops, and functions) all of which, apart from functions, are examined within the Programming 

Checkup. 

Having students complete the Programming Checkup at the earliest opportunity allows interventions to be implemented 

in the initial stages of a course, thereby directly supporting students’ construction of appropriate mental models before any 

misconceptions become entrenched [107, 108, 162]. What form these interventions might take is outside the scope of the 

present investigation; however, they are being considered for future research stemming from this work. 

Data were collected over the course of three years in the form of responses to the Programming Checkup together with 

students’ Assessment 1 results. Of the available data, 70% was randomly selected to be used to train and develop the model 

and the remaining 30% was reserved as a testing holdout set [69]. Using a separate testing dataset allows for the model to 

be evaluated independently of the data used to train it, thus giving a closer estimate of the real-world performance of the 

model [128]. Additionally, using a random train/test split limits the impact of cohort-specific characteristics, particularly 

given that data collection took place during the Covid-19 pandemic. 

The total dataset contained 285 responses after removal of students who did not complete Assessment 1 or who skipped 

25% or more of the mental model diagnostic questions within the Programming Checkup, therefore resulting in training 

dataset of 200 responses and a testing dataset of 85 responses. Anonymised versions of these datasets can be found using 

the aforementioned OFS repository link. 

Due to a change in assessment policy beyond the control of this investigation, Assessment 1 was altered after the first 

year of data collection from an in-person, proctored written exam to an unproctored practical programming assignment, 

which students completed independently in their own time. This practical assignment was designed to assess the same 

learning outcomes as the written exam, which tests students’ abilities to construct a structured solution to a simple problem, 

explain the importance of code readability and maintainability, and check the robustness of code using an appropriate 

testing strategy. A Kruskal Wallis test confirmed that there was no significant difference between the results of students 

who completed the written exam during Year 1 of data collection (M = 69.81, SD = 22.57) and those who completed the 

practical assignment in the subsequent years of data collection (Year 2, M = 69.29, SD = 21.87, Year 3, M = 69.85, SD = 

14.22), H(2) = 2.43, p = .296, η2 = .009. 

Using a model to predict students’ Assessment 1 results based on their pre-course responses to the Programming 

Checkup allows teaching staff to provide dedicated support to aid students in constructing appropriate mental models 

before moving on to more complex topics, which are typically covered during the second semester [1, 12, 14, 40, 67, 114, 

126, 156]. The sections below detail the steps taken during the development and validation of the predictive model. 

4.2 Data Pre-Processing 

Before any machine learning models can be applied to the dataset there are several stages of pre-processing that must 

first take place. This section describes how the raw output from the Programming Checkup needed to be prepared to allow 

both classification and regression methods to make predictions.  

To minimise the potential for human error, a Python script was used to extract data from the raw output generated by 

the online survey platform (Qualtrics). Much of the data could be extracted directly. However, some aspects of the dataset 

required additional processing before these data could be included in the final dataset. For example, students’ average 

values needed to be calculated for their confidence level for each of the question concept categories (i.e., Variable 

Assignment, Conditional Statements, and Iteration), as well as for each of the three self-efficacy factors examined within 

the Programming Checkup. 
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Additionally, students’ answers to the Programming Diagnostic questions needed to be “coded” to indicate what 

misconceptions they were exhibiting based on their answers. This approach was based upon the work conducted by 

Dehnadi [42], in which a set of pre-defined answers for each question was developed using the literature discussed 

previously, to capture one or more misconceptions arising for each question (see Appendix A). Where a student’s response 

matched one of the pre-defined answers, the response was coded with the corresponding misconception(s). If no matching 

answer could be found then the answer was coded as “NA” and the student’s entire response to the Programming Checkup 

was flagged for review, meaning that the unmatchable answer could be investigated. These unexpected answers could 

range from formatting issues (i.e., a student included commas in their answer when none were expected), to genuine 

answers, which did not correspond to any expected misconceptions. Although these types of answers were infrequent, an 

attempt was made to determine how the student had arrived at their answer and map it to an appropriate misconception (or 

multiple misconceptions, if appropriate). However, if no reasonable mappings could be made, the answer was coded as 

“NA”. To ensure consistency, any mappings made to unexpected answers were recorded to ensure that any other responses 

that included the same answer were also coded with the same misconception(s). Additionally, if a student did not answer 

a question, it was coded as “SK” for skip. The VN (Variable Naming) and PL (Parallelism) misconceptions also required 

some extra processing to be coded, as both require comparisons to be made between two questions, as explained previously. 

Where appropriate, the misconception code for VN or PL was appended to any other misconceptions already identified 

within the student’s response. 

Aside from ensuring that answers were coded consistently, the script also enabled BKT to be used to evaluate whether 

students held appropriate mental models, by recording if a student had demonstrated a misconception associated with the 

mental model(s) being examined within each question, as detailed in Appendix A. If the student demonstrated the 

misconception, then the response for that question was coded as a 0, thus showing that the student made an error in 

answering that question and, therefore, may not be in possession of an accurate mental model. If a student answered the 

question correctly, then the question was coded as 1. However, if the student skipped (SK) or provided an answer which 

could not be mapped to a specific misconception (NA) then the response was coded as 0. This information was necessary 

for BKT to evaluate whether a student held an appropriate mental model or not, as well as for training the initial 

hyperparameters for each mental model. 

Prior to the development of an automated marking script, the responses to the first data collection in September 2019 

were initially manually coded. The coding was led by the lead author, who has a background in computer science education 

research and was involved in teaching the students on their introductory programming module. The coding scheme was 

based on the previously discussed literature and was then reviewed and agreed upon by the research team, whose expertise 

collectively spanned computer science education research and cognitive psychology. To verify the coding technique, an 

external marker from the computer science teaching faculty, who had regular contact with first-year students but no prior 

involvement in the development of the Programming Checkup, was asked to independently mark 10% of the responses. 

The external marker was provided with a list of examples of correct answers and a non-exhaustive list of incorrect answers, 

which indicated misconceptions for each question, complemented by a description of these misconceptions (see Appendix 

A). An interrater reliability analysis between the lead author (who had marked all responses) and the external marker was 

conducted on each question using the Kappa statistic and was found to be between 0.67 (p < .001) and 1.00 (p < .001). 

According to Landis and Koch [93], these Kappa statistics can be interpreted as ranging from substantial agreement to 

almost perfect agreement.  

To ensure consistency, all responses were processed using the automated marking script. By continually checking the 

outputs, the correctness of the mappings could be verified, and any unexpected answers could be handled appropriately. 
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However, it was not possible to use Kappa to provide an interrater reliability analysis in this case, as the assumption of 

independence was violated because the script simply matched answer and misconception combinations that were provided. 

As noted previously, 30% of the dataset was isolated to form a holdout-test set, with the remaining 70% being used to 

develop the predictive models. Following the splitting of the dataset, it was necessary to establish the initial values of the 

four BKT hyperparameters for each of the different programming concepts: L0, G, S and T. This was achieved by using a 

tool provided by Baker et al. [5], which takes a brute force approach to fitting the hyperparameters. However, parameter 

estimates for guess G and slip S were bounded to be below 0.3 and 0.1, respectively, to avoid model degeneracy, in which 

the model violates BKT’s assumptions by implying that students are more likely to answer correctly without knowing a 

skill, or incorrectly despite knowing it [4, 5].  

After the initial values for the hyperparameters had been found, the BKT equations shown previously were used to 

calculate the probability that a student had an appropriate mental model for each of the programming concepts. Although 

the ordering of questions may have appeared random to students, all participants completed the questions in the same 

sequence to support the BKT calculations, which must be performed in response order. 

Equation 3 within the BKT calculations accounts for the possibility that a student has learned a task while answering a 

question. It was debated whether to exclude this part of the calculation, as when compared to intelligent tutoring systems, 

where BKT is typically employed, the Programming Checkup does not offer students any feedback on their answers. 

However, it was decided to remain consistent with the original BKT procedure and retain Equation 3. This decision was 

based on Corbett and Anderson's [38] assumption that a student can make the transition from an unlearned state to a learned 

state at any point where they can apply their knowledge, which in this case, relates to their mental models of the concepts 

being examined.  

Following the mental model estimations being incorporated into the dataset, it was necessary to perform several pre-

processing steps prior to starting the model training process. These steps included numerically encoding the features and 

normalising them using the MinMaxScaler [131] to accommodate models such as K-Nearest Neighbours and Support 

Vector Machines [68, 86], which are highly sensitive to the scale of the input features [52, 58]. To allow for the evaluation 

of classification models, a binarized variant of students’ assessment results was created. A threshold of 50% was chosen, 

rather than the institutional undergraduate pass mark of 40% [33, 94, 156], in order to reduce the impact of class imbalance 

[88], as evidenced by the distribution of students’ assessment results shown in Figure 8. This decision also reflects the 

intended purpose of the model, which was to identify students who are likely to require additional support rather than to 

predict assessment pass or fail outcomes. 
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Figure 8: Assessment 1 Grade Distribution within the Training Dataset 

4.3 Initial Feature Selection 

The Programming Checkup collects data on a wide variety of factors. However, to reduce the likelihood of overfitting 

the training data, it is important to remove features that do not aid in generating predictions, thus reducing the 

dimensionality of the dataset and allowing for the algorithms to operate more effectively [74, 87]. Numerous automated 

methods of feature selection exist [74, 87, 89], but given that a core part of this research investigation was to explore how 

different aspects of the Programming Checkup contribute towards the predictive models, an approach was adopted that 

was inspired by the work of Tomasevic et al. [156], whereby features are placed into categories that are trialled in different 

combinations to find the optimal model. The categories are as follows: 

• Background Factors (BF) – Students’ gender, prior experiences, whether they intend to work in software 

engineering, whether they consider themselves to be self-taught. 

• Confidence (CO) – Estimations of how difficult students believe learning to program to be, how difficult they 

believe their degree to be, how difficult they find mathematics, how much they fear learning to program, their 

programming self-efficacy levels, how confident students are in their answers and their mental effort levels. 

• Mental Models (MM) – Estimates of holding appropriate mental models of each concept established using 

BKT. 

 

Nevertheless, it was still necessary to remove any features that did not appear to be of benefit to the model. This was 

achieved by carrying out a series of statistical tests to examine the relationships between each of the individual features 

and the Assessment 1 results. However, this required tests to be carried out on pre-processed datasets for both classification 

and regression due to the fact the Assessment 1 results were binarized for use within the classification model. It should be 

noted that all statistical analyses were conducted exclusively on the training data in order to avoid information leakage 

from the test set. 

Tables 2 and 3 present an analysis of the relationships between the dichotomous background features and students’ 

Assessment 1 results. To maintain consistency, both classification and regression models used the same set of features, 

therefore, the relationships between each of the features and both the binarized and continuous variants of the Assessment 

1 results needed to be examined to identify appropriate features to utilise within the models. The distributions of the features 

were reviewed and confirmed to be generally non-normal, therefore necessitating the use of non-parametric statistical tests 

when analysing the data. The Bonferroni correction for multiple comparisons was considered when examining the 
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relationships between features and students’ assessment results. However, given the number of features being examined 

and the overconservative nature of the Bonferroni correction [30], it was decided not to include the correction as to do so 

would likely exclude most features from the model. Furthermore, these analyses are intended as an exploratory feature-

screening step rather than for formal hypothesis testing, meaning overly conservative corrections may remove variables 

that are weakly associated in isolation but informative within a predictive model [141].  
 

Table 2: Chi-Squared Test Between Binarized Assessment 1 Results and Dichotomous Background Factors 

Feature X2 p v 

Prior programming experience 0.80 .777 0.02 

Previously Studied computer science 0.68 .410 0.06 

Previously Studied mathematics-based subject 2.45 .117 0.11 

Intend to work in software engineering – No 0.20 .653 0.03 

Intend to work in software engineering – Undecided 2.96 .085 0.12 

Intend to work in software engineering – Yes 3.58 .058 0.13 

Note. As “English is student’s first language” violated the Chi-Squared expected count assumption [28], a Fisher’s Exact Test was 

performed, yielding a result of p = .999. 

 

Table 3: Chi-Squared Test Between Assessment 1 Results and Dichotomous Background Factors 

Feature U z p r 

Prior Programming Experience 3752.00 -1.82 .068 0.13 

Previously studying computer science 3515.00 -1.63 .104 0.12 

Previously Studied mathematics-based subject 3977.00 -2.25 .024 0.16 

Intend to work in software engineering – No 883.00 -1.26 .207 0.09 

Intend to work in software engineering – Undecided 1800.50 -2.12 .207 0.15 

Intend to work in software engineering – Yes 2807.50 -2.67 .034 0.19 

English is student’s first language 2265.00 -0.98 .330 0.07 

 

As students’ levels of agreement regarding how strongly they considered themselves to be a “self-taught programmer” 

was measured using a Likert scale, a Jonckheere-Terpstra test was used to confirm a significant relationship between how 

strongly a student agreed/disagreed that they were a self-taught programmer and their binarized Assessment 1 result, TJT = 

2770.00, z = 2.19, p = .029, r = 0.15. This was then further confirmed through the significant correlation of rs = .32, p < 

.001 being identified between students’ level of agreement and the continuous Assessment 1 results.   

The analysis of the Background Factors revealed that neither prior programming experience, nor previously studying 

computer science, significantly influenced students’ Assessment 1 results. This may be due, in part, to the fact that a large 

majority of students indicated that they had prior programming experience and/or previously studied computer science 

(66.5% and 71%, respectively). Subsequently, these factors were not included in the predictive model due to their 

diminished predictive powers. The numbers of students who indicated they have previously studied computer science and 

potentially do not have prior programming experience suggests a need for more explicit recording of what students have 

previously studied, given that programming is a fundamental component of computer science courses. This is particularly 

prudent as many students who took part in the study were born after 2000, and as such, would have been in school when 

the new computer science curriculum was introduced [26]. 
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Interestingly, how strongly students considered themselves to be self-taught did appear to be a useful predictor and was 

retained for use within the model. Additionally, whether a student had previously studied a math-based subject post school 

level appeared to be a useful predictor given its relationship with the continuous Assessment 1 results. This supports claims 

that experience in mathematics aids students when learning to program [12, 29, 61, 161] and was subsequently retained 

for both the classification and regression models, despite the non-significant chi-squared test on the binarized assessment 

results, in order to maintain consistency between the models. 

Students’ gender was deemed not to significantly influence their assessment results through a Kruskal Wallis test 

performed with the regression training set, H(2) = 3.03, p = .220, η2 = .005, as well as a Fisher’s Exact Test (p =.543), 

which was performed with the classification training set given the violation of the Chi-Squared expected count assumption 

[28]. However, as 90% of students within the training set were male, it is difficult to make any reliable conclusions on the 

influence of gender on students’ assessment results. Similarly, it was not possible to draw any reliable conclusions 

regarding the influence of students’ first language on their assessment results, as only 15% of students within the training 

set indicated that English was not their first language. As such, neither of these two features was chosen to be included 

within the model. However, previous research has highlighted the challenges that non-native English-speaking students 

face when attempting to learn to program [65, 120], as well as the tendency for female students to outperform males, 

despite generally lower levels of self-efficacy [95, 119]. As such, the impact of these factors should be explored in future, 

larger, studies which ideally would involve institutions in different countries. 

Students’ responses for “Work in Software Engineering” were one-hot encoded to avoid introducing a potentially 

invalid ordering to the variable, consequently resulting in three separate features for each of the responses: “yes”, “no” and 

“undecided”. Both the features representing “yes” and “undecided” appeared to be useful predictors, whereas the feature 

representing “no” did not. However, “no” was not removed from the model given that this would “break the symmetry of 

the original representation and therefore induce a bias” into the model [132]. 

To summarise, the features included within the Background Factors category were: 

 

• Whether students have studied a mathematics-based subject after leaving school. 

• Whether students intended to pursue a career in software engineering (all associated features). 

• How strongly students considered themselves self-taught programmers. 

 

Tables 4 and 5 examine the relationships between the continuous features within the Confidence category, and the 

binarized and continuous variants of students’ Assessment 1 results. Upon reviewing the results, the vast majority of 

features appeared to be potentially useful predictors, although several features stood out as being prime candidates for 

being omitted from the model. For instance, students’ estimation of how difficult their degree is going to be did not exhibit 

a significant relationship with either variant of the Assessment 1 results, subsequently leading to it not being included 

within the model. 
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Table 4: Mann Whitney U Tests Between Binarized Assessment 1 Results and Confidence Factors 

Feature U z p r 

Estimation of how difficult learning to program is 1699.00 -1.83 .068 0.13 

Estimation of how difficult they find mathematics  1374.50 -3.04 .002 0.21 

Estimation of how difficult their degree is 2164.50 -0.09 .930 0.01 

How much they fear learning to program 1391.50 -2.97 .003 0.21 

Self-Efficacy Factor 1 (Independence and Persistence) 1931.00 -0.95 .343 0.07 

Self-Efficacy Factor 3 (Self-Regulation) 1708.50 -1.78 .076 0.13 

Self-Efficacy Factor 4 (Simple Programming Tasks) 1364.00 -3.04 .002 0.21 

Confidence – Variable Assignment 1654.00 -1.97 .048 0.14 

Confidence – Conditional Statements 1554.00 -2.34 .019 0.17 

Confidence – Iteration 1571.50 -2.28 .023 0.16 

Confidence – All Questions 1538.00 -2.40 .016 0.17 

Mental Effort – Variable Assignment 1562.00 -2.12 .034 0.15 

Mental Effort – Conditional Statements  1664.00 -1.73 .084 0.12 

Mental Effort – Iteration 1930.00 -0.70 .484 0.05 

 

Table 5: Spearman’s Rank Correlation Tests Between Assessment 1 Results and Confidence Factors 

Feature rs p 

Estimation of how difficult learning to program is -.16 .028 

Estimation of how difficult they find mathematics  -.14 .052 

Estimation of how difficult their degree is .03 .673 

How much they fear learning to program -.31 <.001 

Self-Efficacy Factor 1 (Independence and Persistence) .24 <.001 

Self-Efficacy Factor 3 (Self-Regulation) .15 .031 

Self-Efficacy Factor 4 (Simple Programming Tasks) .42 <.001 

Confidence – Variable Assignment .32 <.001 

Confidence – Conditional Statements .31 <.001 

Confidence – Iteration .39 <.001 

Confidence – All Questions .38 <.001 

Mental Effort – Variable Assignment -.11 .123 

Mental Effort – Conditional Statements  -.03 .728 

Mental Effort – Iteration -.04 .584 

 

Features which measure various aspects of students’ confidence in programming were observed to have a strong 

relationship with performance within the Assessment 1 results, thus supporting previous claims that students’ anxiety levels 

surrounding learning to program can have a significant impact on their performance [12, 161]. Students’ estimations of 

how difficult they find mathematics also appeared to be a useful predictor, adding further support to the claimed 

relationship between mathematics and programming [12, 29, 61, 161]. 

To help reduce the dimensionality of the model, it was decided to not include the category-specific confidence estimates 

in favour of an overall estimate, given the significant relationships observed with both the binarized and continuous variants 

of the Assessment 1 results. Additionally, students’ estimations of the amount of mental effort required to answer each of 

the categories of questions within the Programming Diagnostic portion of the Programming Checkup did not appear to be 

a strong predictor, particularly for the Conditional Statement and Iteration categories. Consequently, the mental effort 

estimations were not included within the model. However, it should be noted that the lower performance may be because 
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students were only asked to estimate their mental effort after completing all the questions rather than after each individual 

question, as was done with their confidence ratings. The features included in the Confidence category were as follows: 

 

• Estimation of how difficult learning to program is. 

• Estimation of how difficult they find mathematics. 

• How much they fear learning to program. 

• Self-efficacy Factor 1 (Independence and Persistence). 

• Self-efficacy Factor 3 (Self-Regulation). 

• Self-efficacy Factor 4 (Simple Programming Tasks). 

• Confidence (all questions). 

 

Additionally, Tables 6 and 7 highlight the fact that most mental model estimations that were established using BKT 

appeared to have strong relationships with both variants of the Assessment 1 results. However, to reduce the dimensionality 

of the model, it was decided to drop the individual estimations for AND, OR, NOT and IF and retain the estimation for 

Conditional Statements in their place, as this accounts for each of the individual concepts within a single mental model. 

Therefore, the features included within the Mental Model category were as follows: 

 

• BKT – Conditional Statements 

• BKT – Iteration 

• BKT – Output 

• BKT – Parallelism 

• BKT – Variable Assignment  

• BKT – Variable Naming 

 

Table 6:  Mann Whitney U Tests between Binarized Assessment 1 Results and Mental Model Estimates Established Using Bayesian 

Knowledge Tracing 

Feature U z p r 

BKT – AND  1611.50 -2.31 .021 0.16 

BKT – Conditional Statements 1109.50 -3.98 <.001 0.28 

BKT – IF  1470.00 -2.66 .008 0.19 

BKT – Iteration 1389.00 -3.18 .001 0.22 

BKT – NOT 1760.50 -1.60 .109 0.11 

BKT – Output 1469.00 -2.67 .008 0.19 

BKT – OR 1339.50 3.16 .002 0.22 

BKT – Parallelism 1413.50 -2.87 .004 0.20 

BKT – Variable Assignment  1271.50 -3.45 <.001 0.24 

BKT – Variable Naming 1617.50 -2.22 .026 0.16 
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Table 7:  Spearman’s Rank Tests Between Assessment 1 Results and Mental Model Estimates Established Using Bayesian Knowledge 

Tracing 

Feature rs p 

BKT – AND  .30 <.001 

BKT – Conditional Statements .40 <.001 

BKT – IF  .33 <.001 

BKT – Iteration .49 <.001 

BKT – NOT .29 <.001 

BKT – Output .41 <.001 

BKT – OR .30 <.001 

BKT – Parallelism .43 <.001 

BKT – Variable Assignment  .47 <.001 

BKT – Variable Naming .23 <.001 

 

 

4.4 Model Evaluation and Testing 

After completing the pre-processing stages described in the previous sections, it was then possible to begin the model 

evaluation process. As mentioned previously, the approach taken to identify the best classification and regression models 

was inspired by the work of Tomasevic et al. [156], wherein different combinations of feature categories are trialled to find 

an optimal model. This approach enabled a systematic comparison of a wide range of machine learning algorithms using 

the training data to identify the most suitable model type. GridSearchCV [133] was used to perform 10-fold cross-validation 

and to tune the hyperparameters for each model. For classification models, GridSearchCV employs stratified k-fold cross-

validation, ensuring that class proportions are preserved across all folds [133]. The performance of the resulting models 

across different combinations of feature categories, evaluated solely on the training data, is reported in Tables 8 and 9, 

with Table 8 presenting the regression results in terms of RMSE and Table 9 summarising the classification performance 

using AUC. 
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Table 8:  Ten-Fold Cross Validation Scores of Regression Models (RMSE) 

Regression Model 

Feature Combinations 

BF CO MM BF + CO BF + MM CO + MM 
BF +  

CO + MM 

OLS Linear Regression 0.1925 0.1862 0.1821 0.1859 0.1829 0.1849 0.1864 

Elastic Net 0.1923 0.1856 0.1796 0.1850 0.1791 0.1788 0.1791 

Lasso Regression 0.1923 0.1862 0.1813 0.1859 0.1816 0.1822 0.1828 

Ridge Regression 0.1924 0.1857 0.1799 0.1852 0.1796 0.1796 0.1801 

KNN Regressor – Uniform Weighting 0.1967 0.1894 0.1779 0.1898 0.1828 0.1796 0.1770 

KNN Regressor – Distance Weighting 0.2077 0.1885 0.1909 0.1889 0.1855 0.1799 0.1776 

Bayesian Linear Regression 0.1930 0.1857 0.1802 0.1857 0.1797 0.1794 0.1795 

SVR - RBF 0.1906 0.1850 0.1772 0.1822 0.1788 0.1790 0.1783 

SVR - Linear 0.1919 0.1854 0.1816 0.1831 0.1802 0.1817 0.1834 

Regression Tree 0.1927 0.1855 0.1868 0.1855 0.1868 0.1965 0.1965 

Random Forest Regressor 0.1872 0.1817 0.1779 0.1841 0.1786 0.1773 0.1782 

Bagging Decision Tree Regressor 0.2053 0.1981 0.1966 0.1918 0.1935 0.1900 0.1902 

Gradient Boost Regressor 0.1919 0.1869 0.1868 0.1871 0.1863 0.1847 0.1850 

XGBoost Regressor 0.1917 0.1867 0.1782 0.1855 0.1774 0.1784 0.1791 

MLPRegressor 0.1931 0.1892 0.1797 0.1868 0.1796 0.1790 0.1822 

Note. The best performing feature combination for each regression model is highlighted in bold. Lower RMSE values represent better 

performance. 

 

Table 9:  Ten-Fold Cross Validation Scores of Classification Models (AUC) 

Classification Model 

Feature Combinations 

BF CO MM BF + CO BF + MM CO + MM 
BF +  

CO + MM 

Logistic Regression 0.6667 0.6665 0.7113 0.6359 0.7221 0.7137 0.7194 

Ridge Classifier 0.6549 0.6982 0.7191 0.6779 0.7154 0.7232 0.7052 

SVC - Linear 0.6600 0.6609 0.7113 0.6407 0.7137 0.7034 0.7092 

SVC - RBF 0.6471 0.6851 0.6386 0.6871 0.6020 0.7337 0.7054 

Decision Tree 0.6562 0.7612 0.6644 0.7393 0.6644 0.6279 0.6292 

Bagging Decision Tree 0.5582 0.5873 0.7360 0.6179 0.7222 0.6686 0.6791 

Random Forest 0.7014 0.7578 0.7748 0.7670 0.7582 0.7820 0.7759 

KNN - Uniform Weighting 0.5824 0.5914 0.7484 0.6348 0.6489 0.7351 0.6655 

KNN - Distance Weighting 0.5795 0.5952 0.7454 0.6480 0.6462 0.7263 0.6618 

Gradient Boost 0.6525 0.7268 0.7451 0.7179 0.7799 0.7301 0.7333 

XGBoost Classifier 0.6869 0.7558 0.7395 0.7573 0.7413 0.7810 0.7906 

MLPClassifier 0.6437 0.6771 0.7296 0.7007 0.7072 0.7531 0.7198 

Note. The best performing feature combination for each regression model is highlighted in bold. Higher AUC values represent better 

performance. 

 

The results presented in Table 8 range from an RMSE of 0.2077 (KNN Regressor – Distance Weighting, Background 

Factors) to 0.1770 (KNN Regressor – Uniform Weighting, Background Factors, Confidence and Mental Models). 

Furthermore, the results of the classification models shown in Table 9 range from an AUC of 0.5582 (Bagging Decision 

Tree, Background Factors) to 0.7906 (XGBoost, Background Factors, Confidence and Mental Models).   
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Based on the results presented in Tables 8 and 9, the Random Forest model was selected for further refinement for both 

the regression and classification tasks. For regression, the Random Forest Regressor consistently achieved among the 

lowest RMSE values across multiple feature combinations, particularly when mental model features were included. Two 

models were found to have achieved slightly better performance for specific feature combinations. Specifically, these were 

KNN Regressor with uniform weighting using Background Factors, Confidence, and Mental Model features (RMSE = 

0.1770) and the Support Vector Regressor with an RBF kernel using Mental Model features (RMSE = 0.1772). However, 

the Random Forest Regressor performed consistently well across all input combinations, with its best performance 

observed using Confidence and Mental Model features (RMSE = 0.1773). 

Similarly, for classification, the Random Forest Classifier achieved consistently high AUC scores across a range of 

feature combinations, with its highest AUC of 0.7820 recorded when utilising Confidence and Mental Model features. 

Although XGBoost achieved a slightly higher AUC of 0.7906 when using all available features, the greater stability 

demonstrated by Random Forest, along with its reduced susceptibility to overfitting [47, 69] as an ensemble method, made 

it the most appropriate model for subsequent optimisation and evaluation for both regression and classification tasks. 

To refine the final models, Sequential Feature Selection [134] was applied to identify the most informative subset of 

features for both the regression and classification models. Hyperparameter tuning using GridSearchCV was performed 

within the same pipeline [135], ensuring that feature selection and parameter optimisation were conducted exclusively on 

the training data within each cross-validation fold and therefore preventing data leakage. 

To provide an unbiased estimate of real-world performance, the final optimised models were evaluated using a holdout 

test set that was separated prior to model development and was not used during model selection or optimisation [128]. 

Given the random nature of Random Forests, this process was repeated three times to obtain an averaged measure of the 

performance of the models. The results were as follows: 

 

Random Forest Regressor 

Average Training RMSE:  0.1616  SD: 0.0007 

Average Test RMSE:  0.1713  SD: 0.0007 

Average Training MAE:  0.1209  SD: 0.007 

Average Test MAE:   0.1396  SD: 0.008 

 

Random Forest Classifier  

Average Training AUC:  0.8688  SD: 0.0043 

Average Test AUC:  0.7670  SD: 0.0321 

Average Training F1:  0.8353  SD: 0.0057 

Average Test F1:   0.8061  SD: 0.0043 

Average Training Accuracy: 0.7450  SD: 0.0082 

Average Test Accuracy:   0.7020  SD: 0.0055 

 

Both the classification and regression models experienced a drop in performance when they were evaluated using the 

holdout test set when compared to the complete training dataset. Although a drop in performance is to be expected [60], 

there appears to be a degree of overfitting of the training set taking place, particularly for the Random Forest Classifier. 

However, the results do demonstrate a reasonable level of generalisability for both the classification and regression models, 

which would likely be improved by additional data being included in both the training and testing datasets. 
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The Scikit-Learn implementations of Random Forest Regressor and Classifier provide feature importance measures 

that indicate each feature’s contribution to model performance [136, 137]. Figures 9 and 10 show the normalised feature 

importance scores for the classification and regression models respectively, where all feature importances sum to one and 

higher values indicate greater influence on the model. Whilst these plots offer insight into which features contribute most 

to model performance, they are model-specific and do not allow for any statistically reliable conclusions to be established 

about the underlying relationship between the feature and the predicted variable.  

 

 

Figure 9: Random Forest Regressor Feature Importance Plots 
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Figure 10: Random Forest Classifier Feature Importance Plots 

 

As shown in Figures 9 and 10, feature importance scores were generally consistent across runs, with students’ mental 

models of iteration and conditional statements being the strongest contributors to the regression model. Students’ mental 

models of conditional statements were also identified as a highly important feature in the classification model. However, 

students’ self-efficacy in completing simple programming tasks was also found to be an important contributor to the 

classification model. Although the importance of students’ mental models of iteration was reduced relative to the regression 

model, it remained a significant feature. 

4.5 Model Performance Discussion 

The focus of this investigation was to explore the potential of using students’ responses to the Programming Checkup 

to predict their assessment results. A range of machine learning algorithms and combinations of input variables derived 

from the Programming Checkup were evaluated, with Random Forest models ultimately selected for further refinement 

for both classification and regression tasks. 

The performance of the regression model corresponds to an error margin of approximately 14–17 marks (14–17%), as 

reflected by its evaluation on the hold-out test set (RMSE = 0.1713, MAE = 0.1396). Although this represents a sizeable 

margin of error, it is important to note that the aim of this investigation is not to predict the exact mark a student would 

achieve in their assessment, but rather to provide an indication of whether a student is likely to require additional support. 
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Predicting students’ performance at such an early stage is inherently challenging due to the wide range of factors that may 

influence their outcomes [97]. As such, this margin of error is considered acceptable for use as a diagnostic guide to identify 

students who are likely to struggle and would benefit from additional support. Additionally, no strong evidence of 

overfitting was observed within the regression model, as performance remained broadly consistent between the training 

and test data, indicating a good level of generalisability.  

A good level of performance was also observed for the classification model. However, the reduction in performance 

between training and evaluation on the hold-out test set, most notably in terms of AUC (training 0.8688, test 0.7670) 

suggests the presence of a moderate degree of overfitting. Given the consistency in performance across runs, as indicated 

by the relatively small standard deviations, it is likely that this overfitting is driven by class imbalance, as illustrated in 

Figure 8, and by the limited amount of available data. To mitigate this, future work could explore the use of a more 

appropriate classification threshold for identifying students likely to require support, as well as the use of a larger dataset, 

ideally drawn from multiple institutions, in order to improve generalisability. 

5 CONCLUSIONS AND LIMITATIONS OF THE WORK 

This investigation has demonstrated that by using an aptitude test, such as the Programming Checkup, it is possible to 

make predictions on students’ assessment results prior to any teaching taking place. At present, the regression model has 

been found to be the more robust technique, with predictions being made with an acceptable margin of error for educators 

to gain an indication as to whether a student is likely to require additional support or not. There is, however, a need for 

further refinement of the both the Programming Checkup and the predictive model, which would be aided through a larger 

study conducted across multiple institutions.  

When considering how the findings of this work could be implemented within a higher education setting, the 

Programming Checkup and the associated predictive model could be integrated into students’ induction processes, thereby 

enabling targeted interventions to be put in place from the outset of a course. For instance, students identified as requiring 

additional support could be offered supplementary tuition and scaffolded exercises informed by the PRIMM methodology 

[138]. This approach is likely to be particularly beneficial in cohorts with a wide range of abilities, as targeted support 

could be provided to students who genuinely require it, whereas extension activities could be offered to more advanced 

learners who have demonstrated a strong understanding of core programming concepts. In addition to the output of the 

predictive model, tutors could be provided with an individual report for each student that leverages the wide range of 

variables examined within the Programming Checkup. The reports could include a summary of a student’s prior 

experiences, their estimates of holding an appropriate mental model for each concept, perceived confidence levels, and 

predictions of their Assessment 1 performance. Reports of this type would encourage constructive dialogue between 

educators and students and subsequently inform the design of appropriate pedagogic interventions where necessary. This 

would be particularly beneficial for supporting students from non-traditional or widening participation backgrounds, who 

may require additional support and who may otherwise go unnoticed in the absence of an early diagnostic mechanism such 

as the Programming Checkup. 

Whilst the findings address the original research question by demonstrating that it is possible to predict students’ 

assessment results using a pre-course aptitude test, it is important to consider the context in which the research was 

conducted and to acknowledge the limitations of the work that may pose threats to internal validity. 

The lead author of this study can be considered a relative insider [63], as they are involved in teaching the introductory 

programming module studied by the participants and therefore occupies a dual role as both educator and researcher [53]. 

Although this positionality provided valuable insight into the challenges faced by students, it also introduced a potential 
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threat to internal validity relating to power dynamics, namely the potential for students to feel compelled to participate or 

to be concerned that non-participation might negatively affect their grades. To mitigate this risk, students were repeatedly 

informed that participation was entirely voluntary and would have no impact on their assessment outcomes. They were 

also assured that their responses would remain confidential, and that feedback would only be provided if they explicitly 

opted to receive it. The fact that a sizeable proportion of students chose not to participate suggests that students did not feel 

unduly pressured to take part. It should also be noted that the other two co-authors had no direct interaction with the student 

participants during the study. 

Perhaps the most significant limitations of this study are that the dataset is relatively small, with it also being constrained 

to students from only a single institution. Although data were collected over multiple academic years, there remains the 

potential for unobserved contextual factors to have influenced the results. To improve the generalisability of the findings, 

data should be collected from multiple institutions, thereby establishing a larger and more varied dataset. However, any 

future investigations involving multiple institutions must consider differences in the teaching and assessment of 

introductory programming modules, particularly when selecting an appropriate outcome variable to predict. Additionally, 

as this investigation adopted a purely quantitative approach, future work incorporating interviews and walkthroughs with 

students could help develop a fuller understanding of the difficulties students face when learning to program. 
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APPENDIX A 

Misconception Definitions and Associated Mental Models 

Code Misconception Description Associated Mental Model 

AD Addition Right-hand value added to left (a<-a+b; b unchanged) 

Can be combined with EX if b becomes 0.  

 

Variable Assignment 

AND AND Statement including AND operator is not evaluated correctly, i.e., a 

statement is incorrectly evaluated to be true when only one operand is 

true, instead of both operands. 

 

Conditional Statements / AND 

ET Early Termination Loop does not iterate enough times. 

 

Iteration 

EX Extraction Values extracted from right to left, right value becomes 0 (a<-b; b<-

0). 

 

Variable Assignment 

IF If Statement 

Evaluation 

If/ if else statements evaluated incorrectly. I.e., statement is believed 

to be false when it should be true. 

 

Conditional Statements / IF 

LT Late Termination Loop iterates too many times. 

 

Iteration 

MA Multiple 

Assignment 

Refers to original variable values instead of carrying changes across 

to subsequent lines. Applies to answers where this has occurred on at 

least 1 line. 

 

Variable Assignment 

NC No Change No change to original variable values. 

 

Variable Assignment 

NI No Iteration Original values returned /statement passed through once. 

 

Iteration 

NOT NOT Statement including NOT operator incorrectly evaluated, i.e., failure 

to recognise that the NOT operator inverts the expression being 

evaluated. 

 

Conditional Statements / NOT 

OP Output Misconception of program outputs - i.e., outputting a variable name 

instead of the value or outputting an incrementor value. 

Output 

     

OR OR Statement including OR operator is not evaluated correctly, i.e., a 

statement is incorrectly evaluated to be false despite one of the 

operands being true. 

 

Conditional Statements / OR 

PL Parallelism Misconception related to the understanding of the flow of the control 

within a program. There may be the assumption that all lines of the 

program are continuously being monitored. i.e., not recognising the 

difference in output when a variable is incremented either before or 

after an output statement.  

 

Parallelism 

REV Reverse Assignment operator applied from left to right. 

 

Variable Assignment 

SE Scope Error Misunderstanding of how the execution of the program continues 

after a loop has been completed. 

Iteration 
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Code Misconception Description Associated Mental Model 

 

SM Summation Views procedure as single element - i.e., does not display all iterations 

- just outputs final result.  

Must be >1 iteration. 

Iteration 

    

SP Start Point Error Iterative loop starts at the wrong index. 

 

Iteration 

SW Swapping Variables swap values. 

 

Variable Assignment 

VN Variable Naming Answers are affected by the name of the variable – i.e., MAX will 

always hold the largest value. 

Variable Naming 

 

 

 


