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Abstract 

Fairness in assessment is as important as validity and reliability. When 

question or paper choice is used in an assessment it is important that the various 

routes are comparable so that fairness to all students is maintained. Previous 

literature on question choice suggests that offering choice often leads to significant 

differences in exam performance by route, sometimes by several marks. This 

dissertation compares the five possible routes through a Computer Science A-level 

assessment. One paper was responded to using a choice of five different 

programming languages and it was possible that not all languages were equally 

accessible to students or equally applicable to the exam paper tasks. Test bias was 

evaluated using recently developed IRT-based differential test functioning 

procedures that were developed to assess unfairness due to demographic 

characteristics. These enabled a detailed test-level, sub-section, and item-level 

analysis at various levels of student ability. Some small differences between two 

routes were found but overall, the assessment behaved in a fair and equitable 

manner. It is likely that this was achieved through careful question design and the 

strict application of a common paper and generic mark scheme. It is recommended 

that the performance of the programming paper is monitored in future exam series. 

A few anomalies observed in the data suggested the possibility that 

classroom experience might have had more of an impact on students’ performances 

than programming language choice. This suggests that there is a need for research 

targeted at better understanding how teachers are preparing their students for the 

exam, and how the students are approaching the paper.  

While choice has not led to unfairness in this analysis, concerns around the 

use of choice in assessment remain. Further research is proposed to look at the 

impact of choice on exam fairness in a broader selection of subjects that do not use 

generic questions or mark schemes. In addition, research is suggested to better 

understand student and teacher attitudes to the pros and cons of offering choice in 

assessment. 

Finally, it is suggested that as students are judged on their overall test scores, 

rather than their item scores, test fairness should be analysed at test level, rather 

than item level as is common practice. The use of differential test functioning 

analysis is recommended for any assessment where concerns of unfairness towards 

a sub-group of students exist. 
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1 Introduction 

Students need to be confident that their attainment will be measured fairly 

when their learning is assessed (Osterlind, 1983). High-stakes, summative 

assessments should discriminate between students only on the relevant construct 

and be uncontaminated by irrelevant factors. For example, when a qualification 

involves a choice of questions, essays, or papers as part of its assessment, all 

possible routes to achieving the qualification should be equivalent in both difficulty 

and demand. If a particular route were found to be easier to do well in, any belief in 

the equivalence of each route would be incorrect and the principal of fairness would 

be undermined. 

Choice, or optionality, is frequently used in the assessment of UK A-level 

qualifications, which might be offered to teachers in terms of choosing the topics they 

teach, or to students who then choose which questions to answer within a paper. 

There has been relatively limited research published on its use (Bramley & Crisp, 

2017). One A-level where choice is offered is ExamBoard’s1 Computer Science. 

Teachers choose between one of five different programming languages to teach their 

students. This dissertation looks at the equivalence of the optional routes2 used to 

teach and examine A-level Computer Science.  

1.1 An introduction to A-levels 

A-levels (advanced levels) are high-stakes public qualifications taken by UK3 

students usually at age 18; and are often required for university entrance. Typically, 

students study three or four separate subjects over a period of two years. A wide 

variety of subjects are available, and students choose from those offered by their 

school or college. In most subjects, A-levels are assessed using written examinations 

at the end of the study period, but occasionally practical and written coursework form 

all or part of the assessment. Written papers for A-levels are often mixed format; 

using multiple-choice, short answer, and constructed response questions. For 

security reasons, A-level assessments are not pre-tested, that is each question used 

in an exam paper has not been pilot-tested on a similar group of students to verify 

that it will perform as expected before administering to the intended cohort, and each 

 

1 A ficticous name has been used for the exam board. 
2 The term route is usually applied to the combinations of questions a student used to complete a paper 

that uses question choice. Here, the term is also applied to the five possible routes available to 
achieve ExamBoard’s A-level Computer Science. 

3 In Scotland most take the Scottish qualification: Advance Higher. 
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paper is a “one-off” that will not be used again. Nonetheless, for each subject, the 

broad structure, range of mark tariffs (maximum marks) and weightings of 

assessment objectives used in the final examination remain the same each year. 

For each A-level, the total mark across all its component parts is summarised 

as a grade. Psychometric models such as Rasch or Item response theory (IRT) 

models are not employed to optimise how question marks are combined, or to create 

scaled, standardised scores. The final overall mark is reported as a grade: A* (high), 

A, B, C, D, E (low) or U (unclassified/fail). It is these grades that students share as 

evidence of their attainment in future applications for higher education or 

employment. Consequently, it is important to all stakeholders (e.g. students, schools, 

universities, colleges, or employers) that the grades always carry the same value 

every year. A-levels are offered by a limited number of exam boards that are 

regulated by Office of Qualifications and Examinations Regulation4 (Ofqual). 

Conventional common-item equating techniques cannot be used to link the marks 

between exam boards or across years as no questions are common across them. In 

the interests of fairness to former and current students, standards are maintained 

using the comparable outcomes process (for more details see: Bramley & Vidal 

Rodeiro, 2014; Ofqual, 2018; Robinson, 2008). This process provides statistically 

recommended grade boundaries that account for changes from previous years in 

both the prior attainment profile of candidates, and in the difficulty of the papers. 

Awarding meetings are then held to enable examiners to scrutinise scripts from a 

sample of students with total marks on and around the recommended grade-

boundary marks. Occasionally, examiners make minor adjustments to grade 

boundaries away from those suggested by the comparable outcomes process, if they 

judge this necessary to better reflect the desired standard. 

1.2 Teaching and assessment of computer science in the UK 

There has recently been a drive in the UK to see more students studying and 

using computing5 throughout their schooling. This includes encouraging students to 

gain qualifications in the academic subject of computer science at senior school, 

rather than the formerly popular vocational subject, ‘ICT’ - Information and 

Communication Technologies (RS, 2012, 2017). An initial Royal Society report 

emphasised that “computing is of enormous importance to the economy” (RS, 2012) 

but observed that enthusiasm for the subject is dwindling and there are few specialist 

 

4 Ofqual is a non-ministerial government department responsible for regulating qualifications in England. 
5 The term computing covers ICT, IT and digital literacy (RS, 2012). 
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teachers able to teach it. They noted that achieving greater student engagement with 

computing requires additional teacher recruitment, professional development for 

current teachers, and investment in school infrastructure. In their second report, the 

Royal Society notes some improvement has occurred but “evidence shows that 

computing education across the UK is patchy and fragile” (RS, 2017). As a result, 

they recommend urgent action to increase the uptake of computer science teaching 

and learning in schools. 

1.2.1 Computer Science at ExamBoard 

ExamBoard’s precursor first offered computer science as an A-level 

qualification in 1970. It was then, and still is, a rigorous, academic branch of the field 

of computing, requiring a considerable amount of mathematical skills. Currently, 

ExamBoard offers their GCSE6 and A-level qualifications in computer science with a 

choice of programming language to enable teachers to teach in a language they 

know well and to avoid potentially reducing student entry numbers by restricting 

teachers to a single language. At A-level, the programming languages are C#, Java, 

Pascal/Delphi7, Python and VB.NET. Entry numbers for each language vary 

considerably. The A-level is assessed using two written exam papers and an 

extended piece of coursework8 undertaken in the months prior to the written papers. 

The programming language is not declared on the student’s qualification certificate. 

As mentioned above, assessment of A-levels normally involves either hand-

written responses to exam papers or coursework. Unusually, one component of 

ExamBoard’s computer science assessment is undertaken onscreen9 in exam 

conditions. Hence, candidates can write and run code before they submit it for 

marking. This means that examiners can assess which elements of coding students 

can perform without support (unlike in the coursework where students could avoid 

certain procedures or look at reference materials). The onscreen assessment is 

made up of a single set of questions that exam writers believe are equally accessible 

for students in each programming language. About 30% of the questions are not 

language specific, whereby the remaining 70% require responses in program code. 

Half of the questions are related to pre-released material10. Students must respond to 

 

6 GCSEs are qualifications taken at 16 years old. 
7  Hereon referred to as Pascal. 
8 The coursework involves a practical investigative project on a topic that interests the student. 
9 Access to the internet and any other source of help is disabled. 
10 The preliminary material, includes a Skeleton Program (available in each of the Programming 

Languages) for use in the exam. 
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the programming-language dependent questions in the chosen language, as the 

relevant software application will have been previously set-up for them. A common 

mark scheme is used for all programming languages, although example responses 

are given in each language. The second paper is undertaken in the usual way, a pen 

and paper written response, and it concerns computer science that is less directly 

related to programming, such as computer architecture, databases and networks, 

and written code is not required in the responses. 

Responding with a particular skillset is an unusual use of optionality but not 

unique to computer science. A similar approach can be taken in religious studies 

where students respond to philosophical or ethical questions from within the context 

of their chosen faith. The comparability of the optional routes through A-level 

computer science is important for fairness, particularly because the outcomes are 

used for entry into university courses. Appendix A lists BSc Computer Science 

course entry requirements for the top twenty ranked UK universities for the subject. 

Few of these universities require students to have taken A-level computer science 

prior to entry but if the subject is taken, in most cases grade A is required. For 

schools, a key performance measure is the percentage of students achieving grades 

AAB or higher, including at least two facilitating subjects11. Therefore, in the interests 

of fairness to schools and students, the comparability of the optional routes should 

be assessed as part of any post-hoc review of the exam’s performance, which can 

then inform the development of future test papers. The next sections will address the 

issue of fairness, the history of its importance to assessment, and how the use of 

optionality may have an impact on the fairness of assessment. 

1.3 Test fairness 

Fairness in any assessment goes beyond a consistent understanding of the 

meaning of each grade over time. It also means that each year students of 

comparable ability should be equally likely to achieve that grade, irrespective of their 

demographic characteristics (Camilli, 2006) or the questions they answered if there 

was optionality of any form (Bramley & Crisp, 2017). Fair assessment also concerns 

social equity (Camilli, 2006): for example, a further issue when choice is made by 

teachers is how much their choice reflects the resources available to them and their 

schools.  

 

11 Computer science is not a facilitating subject, so a computer science student would only be included 
in this measure if their other A-levels were two of: Mathematics, Further mathematics, Biology, 
Chemistry, Physics, English literature or a modern foreign language. 
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1.3.1 A history of the concept of fairness in educational assessment 

The understanding of what constitutes a fair assessment has evolved 

considerably over the 20th and 21st centuries. Historically, assessments were done 

one-to-one between the assessor and the student. Introducing written exams in the 

18th century gave a level of anonymity to an assessment (Isaacs, Zara, Herbert, 

Coombs, & Smith, 2013), meaning that students were far more likely to be judged on 

merit (Camilli, 2006;.Gipps & Murphy, 1994) However, the style of questioning and 

the contexts used could still introduce social bias. For example, early versions of the 

IQ test were later found to be fundamentally unfair due to cultural bias towards white 

Americans – candidates outside this group tended to perform poorly, reflecting 

environmental disadvantage rather than true ability (Gould, 1996). Hernstein & 

Murray (1994) quote the National Education Association who advocated in 1972 for a 

ban on standardised intelligence testing. They believed that a third of American 

citizen's suffered educational disadvantage before completing elementary (primary) 

school due to ”… linguistically or culturally biased standardized tests”. Prior to the 

mid-1960s, assessment experts tended to believe that their tests were objective; if a 

social or ethnic group scored poorly it was believed to reflect real group differences, 

in part because the differences confirmed widely held beliefs about some groups 

being intellectually weaker. Later this view was challenged by some educators who 

suggested that the frequently observed differences in achievement between these 

groups reflected differing learning opportunities (Cole & Zieky, 2001).  

The 3rd edition of Educational measurement was the first to discuss test bias, 

which had been acknowledged as an issue during the US civil rights movement of 

the 1950s and 1960s, and the subsequent women’s rights movement (Cole & Moss, 

1989). They describe test bias as differential validity: 

… bias is differential validity of a given interpretation of a test for 
any definable, relevant subgroup of test takers. 

In the same edition, Messick (1989), emphasised that the construct validity of 

a test must be considered for two reasons: “in justifying test use in terms of meaning 

and relevance, then in justifying it in terms of social consequences in the final 

analysis”. For Cole and Moss (1989), showing a lack of test bias was a necessary 

part of demonstrating the validity of the test for the purposes for which it was 

designed.  

The achieved levels of validity and fairness in an assessment are always a 

matter of degree, and therefore, declaring a test as fair is not a simple matter (Cole & 
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Zieky, 2001). Cole and Zieky suggested that four aspects of test fairness should be 

addressed. Firstly, by reducing group differences in key social and ethnic groups, 

and secondly, by ensuring all students can perform as well as they are able to 

through tests that adequately represent the construct. Thirdly, the misuse of test 

results should be discouraged. While it is not obvious that this responsibility lies with 

assessment experts, guidance can be made available “… to promote sound use and 

valid interpretations of the data by the media and other stakeholders …” (AERA, 

2014). Finally, they emphasise that group concerns also apply to individuals; 

however, they note that it can be difficult to accommodate individual differences.  

In the current (4th) edition of Educational measurement, Camilli (2006) uses 

the term test fairness, rather than test bias: 

Fairness in testing refers to perspectives on the ways that scores 
from tests or items are interpreted in the process of evaluating test 
takers for a selection or classification decision. 

Like Cole and Moss (1989), Camilli describes fairness as closely linked to validity 

and how tests are used, but he adds that fairness is also about how the tests are 

presented and scored. He highlights that issues such as culture, ethnicity, sex, and 

socio-economic status should all be considered when developing a test to ensure 

that no relevant group is unfairly disadvantaged in their assessment.  

Nisbet and Shaw (2019), in the UK context, suggest that fairness is now 

equally integral to producing a good assessment as the consideration of validity and 

reliability. They argue that fairness in assessment applies not only to those taking the 

test but to their peers (who have not taken the test), employers, higher education 

institutions, and society at large. 

In response to this increasing concern, fairness is now considered at all 

stages of the development and administration of an assessment. Isaacs et al. (2013), 

comment that “lack of equity is a challenge to the validity of an assessment” and that 

it is important to monitor and review the outputs of any assessment.  

1.3.2 Reviewing fairness using differential item functioning and differential 

test functioning analysis 

A fairness review requires the consideration of both quantitative and 

qualitative evidence over a broad range of social issues (Camilli, 2006; Isaacs et al., 

2013). This is particularly important if the test is summative and the result is used for 

selection on a future course or for employment (Camilli, 2006). The investigation 

should compare relevant subgroups to the majority, or reference group. Some 
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statistical analyses use an external criterion; a relevant measure of success. 

Regression techniques are then used to assess whether the relationship between the 

test scores and the criterion differ by group membership (Camilli, 2006). However, 

this approach assumes that a suitable criterion exists that is not itself subject to test 

bias (Cole & Zieky, 2001). Such a criterion is not always available. 

Since the 1960s, more complex statistical procedures have been developed 

that looked at the behaviour of individual questions or items by subgroup, to assess 

whether invariant measurement has been achieved. It is important to acknowledge 

possible prior differences in underlying ability when estimating group differences as it 

is not appropriate to simply compare the group means and so, some correction for 

underlying ability should be made. Hence, these statistical procedures require a 

matching variable to act as a proxy measurement of ability (Cole & Zieky, 2001). As 

unbiased external scores on a related test rarely exist, methods have been 

developed such as differential item functioning (DIF) procedures, that use an internal 

measure of ability, to evaluate and compare the behaviour of individual items at 

student-group level. The internal measure could be the total test score, or the latent 

ability estimate derived from a Rasch or IRT model.  

DIF procedures focus on the behaviour of individual questions, however, 

sometimes questions that individually appear fair can combine to create an unfair 

test score – this is known as differential test functioning (DTF). Where DTF is 

identified, test takers may have the same ability on the construct but achieve different 

total test scores (AERA, 2014). Procedures to detect DTF do exist, although there 

has been far less research in this area than into DIF (Osterlind & Everson, 2009). 

Three possibilities are: Raju’s DFIT statistics (Raju, 1990; Raju et al., 2009, 1995), 

which are based on IRT models; the simultaneous item bias test (SIBTEST, Shealy & 

Stout, 1993), which is based on raw test scores; or the recently developed DTF 

statistics offered in the R package MIRT (Chalmers, Counsell, & Flora, 2016), which 

uses Rasch/IRT models. 

A Rasch/ IRT approach is preferred here as it enables a detailed analysis of 

the test data at test and item level, and at various student abilities. In the UK, there 

has been criticism of use of the Rasch model in assessment design and analysis, 

with suggestions that this is not an appropriate approach (e.g. Goldstein, 1979), 

while others have countered these criticisms (e.g. Panayides, Robinson, & Tymms, 

2010; Preece, 1980). Criticisms include the Rasch ideal that items should fit the 

model, rather than analysts choosing a model that fits the data, which turns the usual 

statistical modelling approach on its head. The Rasch ideal means the data should 
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be unidimensional, so that only one mark or position on the latent trait is necessary 

to summarise a student’s performance (Goldstein, 1979). When summarising an A-

level assessment for a student only one mark is given per paper, and in fact this is 

summarised further by just a single grade on the final certificate, so effectively this 

assumption is implicit to any A-level qualification. Other writers suggest the 

unidimensional assumption can be relaxed slightly (e.g. Linacre, 1998), in reality it is 

improbable that only one dimension exits in any assessment and what is important 

for a valid unidimensional analysis is that there is one dominant dimension that 

represents the main ability trait of interest. Nevertheless, model fit should always be 

fully assessed when a Rasch/IRT approach is taken. 

Determining whether real bias exists in a test is not simple (Cole & Moss, 

1989) and caution should be used when interpreting the results of quantitative 

analyses. On this point, Camilli warns (2013): 

Quantitative methods can improve an understanding of the link 
between cause and effect, but arguments solely based on the 
authority of statistical methods are both flawed and obfuscating. 

Any observed differences might be due to an unfair test, but they could also be due 

to factors outside of the test, e.g. opportunity to learn (Camilli, 2006; Cole & Zieky, 

2001). 

1.4 Fairness in A-levels 

Syllabus requirements are set by the department of education after 

consultation with stakeholders, so that they reflect current needs in society and the 

workplace (DfE, 2014). Each exam board offers its own interpretation of the 

requirements through a detailed specification that includes the required knowledge, 

skills and attributes, and sample assessment materials. Question-writing expertise 

forms an important part of developing questions that do not disadvantage any sub-

group of students by avoiding offensive content, or unfamiliar language or contexts. 

The document Fair access by design provides guidance to UK exam boards on “how 

good qualification and assessment design can give all learners the fairest possible 

opportunities to show what they know, understand and can do” (CCEA, 2015).  

Past papers and mark schemes are available to students and teachers, which 

can be used for exam preparation and ensuring that students are familiar with the 

structure of their assessments. The exam boards then work with Ofqual to ensure the 

consistency of standards year-on-year in each of the qualifications offered (Ofqual, 

2018). Despite these processes, unfairness might occur, and undertaking a fairness 
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review ensures that this possibility is investigated, discussed, lessons learnt and if 

necessary, future papers adapted. Where optionality has been used, the 

performance of the various routes should be carefully reviewed. 

1.5 Optionality and choice 

The use of optionality in an exam allows different students to achieve the 

same qualification without responding to exactly the same set of questions. For 

example, Geography students could choose between a question on glaciation or on 

coastal erosion, having learnt about both. Or an English literature teacher might 

choose the book that students will be asked about, e.g. Lord of the flies or Of Mice 

and Men. The offering of choice could occur within a paper (at the time of the exam), 

or between papers (selected before the exam). Offering choice however “creates 

problems for the examiner in providing equitable assessment of each candidate’s 

level of attainment” (Willmott & Hall, 1975). Ideally, careful test construction and 

marking standardisation12 mean that no adjustments are required to enable students 

to be compared and rewarded fairly.  

There are many reasons for the use of choice. It is believed to be to the 

students’ benefit that they or their teachers can choose the topics or approaches that 

are best for them (Wainer & Thissen, 1994). Optionality also avoids all students in a 

particular year group studying, for example, the same book for English literature, or 

the same period of history (Bramley & Crisp, 2017), thus allowing a wider domain 

coverage over the cohort, if not always for individuals (Wainer & Thissen, 1994).  

Where students are taught the whole syllabus, they can choose the questions 

they feel best allows them to demonstrate their understanding and skills. Student 

choice adds a level of complexity to the exam; unfortunately students do not always 

choose the best option for themselves (Bell, 1997; Wainer & Thissen, 1994; Wang, 

Wainer, & Thissen, 1993), and this leads to some confusion on the construct that is 

being assessed, i.e. it could also include the ability to choose an option well. If it is 

assumed that an assessment is measuring a unidimensional construct that can be 

summarised by a single mark, then optionality risks creating a multi-dimensional 

construct: ability on the construct and the ability to choose well in a short time frame 

(Bradlow & Thomas, 1998). It is also believed that offering choice represents a more 

realistic scenario, as everyday life often presents choice situations (Fitzpatrick & Yen, 

 

12 A process where senior examiners validate the mark scheme based on a few sample student scripts 

at the beginning of marking (Morin, Holmes, & Black, 2018). The meetings also enable marking team 
leaders to become familiar with the mark scheme. 



 

15 

1995; Bradlow & Thomas, 1998). However, it seems unreasonable to use a school 

leaving assessment to measure this life skill.  

Where optionality is offered, either to students or teachers, examiners design 

the optional questions believing that they are comparable in demand and difficulty 

(Fitzpatrick & Yen, 1995; Wang et al., 1993). Pollitt, Ahmed, and Crisp (2007) 

differentiate between these concepts:   

… by ‘difficulty’ we mean an empirical measure of how successful a 
group of students were on a question; by ‘demands’ we mean the 
(mostly) cognitive mental processes that a typical student is 
assumed to have to carry out in order to complete the task set by a 
question. 

They also point out that “the influence of choice on overall demand is complex”. 

However, demand is difficult to quantify and as examiners write a test, they 

must judge whether questions are of equivalent demand based on their knowledge 

and expectation of what students should be able to achieve. But even in the absence 

of choice examiners find it difficult to judge the demand of a question (e.g. Bejar, 

1983; Impara & Plake, 1998), hence it seems unlikely that examiners can always 

achieve comparability when choice is offered. Statistical measures of difficulty can be 

used as a proxy for demand after the test has been sat and used to assess 

comparability. 

When teachers make the choice of what is to be studied, the complication of 

whether students have chosen the best for themselves is removed, but the various 

choice routes still need to be comparable. For A-level computer science, choice is 

offered to allow teachers to use the programming language they are most familiar 

with. However, just as there is the risk that one book might be more accessible than 

another in an English literature course (Bell, 1997), one programming language may 

be easier to learn, or give a more appropriate approach to answering a question fully. 

Hence, offering teacher choice might not be in the student’s best interest. 

All types of choice in an assessment effectively leads to different forms of the 

assessment occurring, with many routes available to achieve the same qualification. 

The comparability of optional routes through a paper is difficult to confirm post-hoc. 

For example, when option-mean marks are calculated, some options may appear 

easier than another, but it might be that the students taking that option were more 

able or better taught. Some authors have suggested that when choice is used, post-

hoc adjustments to the marks should be made (e.g. Wang et al., 1993; Wainer & 

Thissen, 1994). However, this may involve a considerable and disproportionate effort 
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(Gulliksen, 1950). Even in the case of a limited number of choices it might be difficult 

to adequately quantify the post-hoc adjustments needed. 

Often (outside of the UK), when different versions of a test are offered, their 

marks are aligned through a process known as equating (Kolen & Brennan, 2010). 

Wainer and Thissen (1994) argue that equating for differences in difficulty can make 

assessment with optional questions fair but takes some effort and requires trust in 

assumptions about the responses that students would give if they had the 

opportunity to answer all questions. An equating process often requires some 

students who have taken both forms of the test (common students) or some 

questions that are repeated on the different tests (common questions), and this 

information then informs the linking process. However, non-IRT equating procedures 

often assume that any missing question data are missing at random, which is not the 

case when students have chosen to answer some questions and to skip others. 

Unless additional data are available, unaffected by optionality, untestable 

assumptions need to be made about the students, such as assuming that the 

response to each optional question would be the same for students who did choose it 

as for those who did not (Wang et al., 1993). If this assumption holds and equating 

can be applied, it effectively means that choice is only fair when it is unnecessary, as 

it also means there was no benefit to the student in making a choice. Wainer and 

Thissen (1994) described the problem that students face if they know that choice 

questions will be aligned post-hoc as: 

If no equating is done, the instructions to the examinee should be: 
Answer the item that seems easiest to you. (And we hope that the 
examinees choose correctly, but we will not know if they do not.) If 
we equate the choice items (give more credit to harder items than 
easier ones), the instructions should be: Pick that item which, after 
we adjust, will give you the highest score.  

Similarly, if teachers choose the book, period of history or programming language, 

knowing that post-hoc adjustments will be made, they will need to anticipate which 

choice would lead to the most favourable adjustment for their students. 

If the technical difficulties of effective equating could be solved, the advantage 

to the student of making a good choice would be lost. Even in the simpler scenario of 

teacher choice, conventional equating techniques would make assumptions about 

how the students might have performed on the optional questions or papers that the 

students were not prepared for. 

Using IRT techniques, Fitzpatrick and Yen (1995) suggest that using common 

(non-choice) questions is the only reliable way to adjust question statistics for ability 
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differences. This analysis is only possible when the non-choice questions represent a 

reasonable proportion of the assessment and adequately cover the construct. The 

onscreen computer science paper has a subset of questions that can be answered 

without using a specific programming language. These questions could be used in 

any Rasch or IRT analysis to adjust for ability differences.  

Bramley and Crisp (2017) evaluated the performance of within-paper 

optionality in a situation where there were several optional essays but no common 

questions by using a Rasch model to create an internal estimate of student ability. 

They demonstrated that the extent of any lack of comparability can vary across the 

ability range, for example differences in performance may only be apparent at low 

abilities. Bramley and Crisp (2017) caution against aligning scores: 

Attempting to mitigate the undesirable effects of question choice by 
making statistical adjustments to scores could well create as many 
problems as it solves, and may work against the laudable aims of 
transparency and fairness.  

In the case of teacher choice, any form of post-hoc alignment risks the 

possibility that some teachers might switch the topics they teach each year. They 

might conclude that one option is easier than another when they review grade 

boundaries at the time results are released.  

Despite these technical issues, there are subjects where not offering choice is 

unreasonable, e.g. history, where there a large number of topics or eras that could 

be studied at school (Bridgeman, Morgan, & Wang, 1997). Wainer and Thissen 

(1994) suggest that possibly a well-designed test could be developed where options 

are comparable without the need for equating. For example, when optionality is used 

for English literature essays the questions vary but, as Bell (1997) notes, examiners 

believe “that it is the response to the question that determines the final mark”, 

suggesting that mark schemes reward the same skills demonstrated by the students, 

whatever the question. This situation could be made more restrictive by using a 

common, generic mark scheme for all equivalent optional questions. 

As mentioned above, ExamBoard’s A-level Computer Science is offered with 

a choice of programming language where several questions are answered using the 

chosen language. A generic mark scheme is also used to support fair and equitable 

assessment. It is possible that these questions and associated mark schemes are 

designed carefully enough to not result in different performances from equally able 

students; this needs to be verified. 
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1.6 Aim and research questions 

The aim of this dissertation is to review whether fairness has been maintained 

in assessing A-level computer science by using different programming language 

options.  

The following research questions are investigated:  

1. Can a Rasch or IRT model be successfully applied to the computer 

science test data?  

2. To what extent is differential test functioning (DTF) impacting the different  

programming-language choices on average? 

3. Does the DTF vary with ability? If so, which ability levels are most effected 

and is this impacting outcomes at the key grades of A and B? 

4. Is the DTF due to differential item functioning (DIF) in specific questions 

or is it accrued over several questions that individually do not show DIF? 
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2 Methods 

As discussed in the introduction, test fairness and DTF cannot be analysed by 

simply comparing the mean scores of the groups under investigation – more 

sophisticated methods are required that take into account group-wise variations in 

ability. Here an IRT approach to DTF analysis has been adopted. The participants of 

the study are described below, together with the ethical issues considered. The 

structure of the assessment is described in the materials section, followed by 

information on the type of data available to use in the analysis, and details of the 

data preparation procedure. A brief outline of the Rasch and IRT models used is 

given, with details of model evaluation. Finally, the associated DTF and DIF 

identification methods are described.  

2.1 Participants  

Secondary data were used in this analysis, namely examination data gathered 

by the exam board from students taking A-level computer science. The majority of 

the students were 18 years old and attended either schools or further education 

colleges. The cohort comprised a mixture of domestic (UK) and international 

students. The current version of the A-level computer science assessment consists 

of two written examination papers that are usually taken at the end of two years of 

study, together with a coursework component (see Table 1). The papers have been 

available in the summers of 2017, 2018, and 2019. For each paper, electronic 

records of marked student responses were available at item level for 3,611 to 4,349 

students per year, together with the coursework component mark. The largest and 

most recent year’s (i.e. 2019) data have been analysed here. Of the three 

components, only Paper 1 is programming language specific13 and therefore only 

Paper 1 has been analysed in detail. A few students entered for the subject did not 

complete all three components and hence only those that achieved a non-zero mark 

for Paper 1 were included in the analyses presented here (4,317 students). 

 

13 The coursework does not need to be undertaken in the same programming language as the written 

paper. 
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Table 1 Current structure of ExamBoard’s Computer Science A-level 

assessment 

Assessment 
component 

Delivery method 
Language 
specific 

% of final overall 
mark 

Paper 1 Written paper ✓ 40% 

Paper 2 Written paper x 40% 

Course work Project report x 20% 

 

2.2 Ethical Issues 

The CUREC application approval for this research is shown in Appendix B. As 

part of its role as an awarding organisation ExamBoard retain the right to process 

assessment data as necessary for their legitimate interests, e.g. to maintain and 

develop their core products and services in a regulated environment. It is on this 

basis that the data are used here: to inform development of future assessments. As 

part of the approval process, permission was given to use these data, which were 

anonymised by removing candidate numbers, demographic, and teaching centre 

data prior to receipt of the dataset for the analysis Therefore, no individual student or 

teaching centre was identifiable. All data were stored on an encrypted laptop or exam 

board drives, which are subject to secure infrastructure and protected by multiple 

firewalls. 

2.3 Materials  

Students answered Paper 1 using one of five possible programming 

languages: C#, Java, Pascal, Python, or VB.NET. The paper was worth 100 marks 

and the time allowed was 2 hours 30 minutes. It consisted of four sections and 42 

questions, with tariffs that ranged from 1 to 12 marks (see Table 2), and there were 

no multiple-choice questions. Section A (29 marks) concerned theory of computation 

and student responses did not depend on the programming language they used. 

Although not programming language dependent, the skills and knowledge assessed 

in section A were logically linked to programming skills, including fundamentals of 

programming, data structures and algorithms. Sections B, C and D required program 

code to be written and executed as part of the examination. Two sections (C and D) 

were linked to pre-released material, including skeleton code, which was referred to, 

developed and modified during the exam. Table 2 also shows the assessment 

objectives (AOs) that were targeted in each section. The AOs and their mark 
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allocations are AO1: knowledge (20 marks); AO2: application and analysis (30 

marks); and AO3: programming, design and evaluation (50 marks). Sections B and D 

assess AO3, which targets practical programming skills, the other sections mainly 

assess AO1 and AO2. 

Table 2 Structure of 2019 A-level Computer Science Paper 1 

Section 
Number 

of items 

Tariff 

Range 
Marks Topic/task 

Assessment 

objective (marks) 

A 16 1-4 29 Theory of computation 
AO1 (13),  

AO2 (16) 

B 2 1-12 13 
Algorithmic task to be written in 

chosen language 
AO3 (13) 

C 16 1-4 23 
Questions on pre-released 

skeleton code (available in chosen 
language) 

AO1 (7), AO2 (14), 

AO3 (2) 

D 8 1-12 35 
Modify and run pre-released 

skeleton code in chosen language 
AO3 (35) 

AO1: knowledge; AO2: apply/analyse; AO3: program, design and evaluate 

 

The same printed question paper was presented to students whatever their 

programming language choice (i.e. nothing in the printed paper was language-

specific), but students responded in their chosen language. The software and pre-

released material made available to them reflected that choice. Students sat the 

paper on-screen in supervised examination conditions. The examination centre 

provided computers with a restricted set-up, i.e. without access to the internet, wi-fi, 

spell checkers or disallowed material. The computers allowed the students to write 

and run program code. Each student was required to copy and paste their final 

program source code into an electronic exam booklet along with screen-captures to 

demonstrate code outcomes (Appendix C, example 1 shows a question with a 

screen-capture request). A printed copy of the electronic booklet was then submitted 

for marking. Examiners were not expected to assess student code by executing it 

themselves. Item level data were then recorded per student as part of the marking 

process, it is these data that were analysed here. 

Table 3 shows summary statistics for Paper 1 for all students receiving a non-

zero total mark, by option and overall. Python was by far the most popular option 

chosen by teachers (48% of entries), with Pascal being the least popular (5%) – 
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representing only 12 centres. The mean total scores vary by several marks. Pascal 

students achieved the highest mean score (52.0). Java students achieved the lowest 

results with a mean mark of 46.7. However, this does not mean that Pascal students 

were advantaged by the paper, or that Java students were disadvantaged, as no 

allowance has been made for the students’ underlying ability, which may differ 

across centres by language choice.  

Table 3 Entry numbers, paper total means and sds 

 All C# Java Pascal Python VB.NET 

Entries 4317 778 300 205 2087 947 

Mean total mark 48.5 48.9 46.7 52.0 48.7 47.7 

Total mark SD 21.4 21.4 20.3 22.2 21.2 22.1 

 

2.4 Procedure 

A-level assessments are not intended to be speeded, that is, time should not 

be a limiting factor for students, as the majority should be able to complete the paper 

in the allowed time. However, the effect of speededness may impact student 

behaviour during the test, resulting in items being skipped, not reached, or poor and 

rushed responses given to items that are positioned later in the examination 

(Stafford, 1971). If an item is unreached by many candidates, estimates of its true 

difficulty can be compromised. Table 4 shows the tariff for each item and item 

attempt rates, by option and overall. There are four items with attempt rates <80%: 

A2.2 (an early item), and D12.2, D13.1 and D13.2 (the final three items). The non-

attempt rate was similar across the five options. It seems reasonable to assume 

some students skipped item A2.2 but it is unclear whether the final items were also 

skipped or were genuinely not reached. Items D12.2 and D13.2 were the screen-

capture items associated with programming items D12.1 and D13.1. Students who 

did not complete the code required to respond to items D12.1 or D13.1 would be 

unable to submit screen-captures as evidence of code outcomes. Hence, item D12.1 

can be viewed as the penultimate task for students, and as it had a reasonable 

attempt rate at approximately 89% this suggests that speededness was not a great 

concern. Therefore, all missing values were re-coded as zero for the analysis, which 

has the advantage of reflecting current A-level marking practice where all non-

attempts are treated as incorrect and given zero marks. 
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Table 4 Entries, mark tariffs, item percentage attempt rates overall and by 

option  

 Item Tariff All C# Java Pascal Python VB.NET  

 A1.1 4 81.6 78.8 82.0 86.8 81.6 82.7  

 A1.2 2 96.1 95.9 97.3 97.1 95.8 96.3  

 A1.3 2 93.4 92.7 95.3 94.1 93.4 93.0  

 A2.1 5 94.8 94.5 98.3 97.1 94.4 94.4  

 A2.2 1 79.6 77.6 85.0 77.1 79.3 80.6  

 A2.3 1 94.0 92.8 97.3 95.6 94.0 93.7  

 A2.4 2 95.1 94.6 98.3 95.1 95.2 94.4  

 A3.1 1 98.9 98.6 100.0 100.0 98.6 99.2  

 A3.2 1 92.7 90.0 94.7 91.7 93.7 92.3  

 A3.3 1 89.4 87.1 92.0 89.3 89.9 89.1  

 A3.4 1 88.5 86.2 89.3 89.8 88.7 89.3  

 A3.5 2 95.8 94.7 97.0 96.1 96.1 95.8  

 A3.6 1 84.2 82.9 86.0 88.3 84.9 82.6  

 A4.1 1 97.2 97.2 99.0 97.6 97.0 96.8  

 A4.2 1 92.6 92.3 95.7 94.1 92.3 92.1  

 A4.3 3 98.1 97.7 98.3 100.0 98.0 98.1  

 B5.1 12 93.9 93.6 93.0 95.6 93.6 94.8  

 B5.2 1 75.4 73.7 69.3 75.6 78.5 71.8  

 C6 2 97.5 96.8 98.7 95.6 97.8 97.3  

 C7.1 1 98.3 98.6 99.0 97.6 98.2 98.3  

 C7.2 1 94.6 95.1 92.7 92.7 94.4 95.9  

 C7.3 1 94.1 94.1 96.3 93.7 94.7 92.1  

 C7.4 2 81.9 81.2 82.0 82.9 82.1 81.7  

 C7.5 4 86.4 86.6 88.0 89.8 86.1 85.7  

 C7.6 1 89.2 87.9 91.3 91.2 89.4 88.7  

 C8.1 3 87.3 86.2 88.7 90.2 87.9 85.7  

 C8.2 1 81.2 79.4 78.7 85.4 82.5 79.5  

 C8.3 1 84.3 82.3 82.7 84.4 84.9 85.4  

 C8.4 1 82.0 81.2 81.0 86.8 83.0 79.7  

 C9.1 1 97.8 97.0 98.3 96.6 98.1 97.7  

 C9.2 1 97.5 96.9 97.7 96.6 97.8 97.5  

 C9.3 1 91.2 91.8 94.7 92.7 90.9 89.8  

 C9.4 1 98.5 98.2 98.3 98.0 98.8 98.3  

 C9.5 1 96.6 96.4 97.0 96.6 96.8 96.1  

 D10.1 4 96.5 95.1 96.0 96.1 97.4 95.9  

 D10.2 1 89.7 85.3 88.3 87.3 92.6 87.6  

 D11.1 7 90.2 91.0 89.0 87.8 89.7 91.9  

 D11.2 1 78.0 77.0 76.0 76.6 78.8 78.0  

 D12.1 12 89.2 89.3 87.3 87.3 88.9 90.8  

 D12.2 1 70.2 72.8 71.0 71.2 69.9 68.4  

 D13.1 8 73.5 72.1 71.3 74.1 73.9 74.3  

 D13.2 1 58.7 59.0 54.7 61.5 58.9 58.7  
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2.5 Data Analysis 

As discussed in the introduction, Rasch and IRT methods are not commonly 

applied to A-level examination data but have been chosen here as they offer an 

alternative estimate of student ability to the total test score for use in DIF and DTF 

analysis. The models describe a probabilistic mapping of the observed pattern of 

student-item responses from an assessment to a latent trait (𝜃) that is assumed to 

represent the ability that the test is designed to assess. Both student abilities and 

item difficulties can then be described in terms of their position on the latent trait, 

rather than in terms of mean or total marks. 

The analysis was undertaken in several stages, firstly the suitability of using a 

Partial Credit Model (PCM) was confirmed. Secondly, IRT models were identified that 

allowed DTF to be evaluated while accounting for differences in underlying ability by 

option group, which are referred to as multiple-group models14. While test 

characteristic curves for all five options could then be simultaneously examined 

graphically, the statistical evaluation of DTF could only be calculated between two 

option groups at a time. Where statistically significant DTF was found, the impact on 

students at certain key grade boundaries was assessed. Finally, in the case of 

significant DTF between options, the individual items were assessed to see if any 

displayed noticeable DIF. Each of these steps is described in more detail below. All 

models have been fitted using R statistical software (R Core Team, 2018) and the 

MIRT package (Chalmers, 2012), which provides DTF and DIF assessment 

procedures. Some of the model evaluations and item summaries have been 

performed using the TAM package (Robitzsch A, Kiefer T, 2020), which offers the 

alternative PCM parameterisation shown below in equation (3). 

2.5.1 The Rasch model 

The Rasch model (1960) for dichotomously scored data describes a student’s 

ability or an item’s difficulty as a function of the responses on the exam paper. The 

items’ difficulties are then described by a set of parameters 𝛽𝑖 that give their location 

on the latent trait (𝜃), higher values of 𝛽𝑖 indicate more difficult items. Student abilities 

 

14 The Pascal option was the least popular (see Table 4). There were two marks from two polytomous 

items that did not occur in the Pascal data (items D10.1 and D13.1). In order to achieve an assessment 

of DTF in the Pascal option, a low scoring ‘dummy’ candidate was added to the data, with scores in the 

unrepresented categories. 
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are also described as a location on the latent trait. The probability of a student giving 

a correct response increases as their level on the trait increases, i.e. higher values of 

𝜃 indicates higher student abilities. 

 

𝑃(𝑋𝑛𝑖 = 1) =
𝑒𝜃𝑛−𝛽𝑖

1 + 𝑒𝜃𝑛−𝛽𝑖
 (1) 

Where: 

 

 

𝑋𝑛𝑖 is the response (0 or 1) of the nth student on the ith item 

𝜃𝑛 is a parameter describing the ability of the nth student, -∞ < 𝜃𝑛 < ∞ 

𝛽𝑖 is a parameter describing the difficulty of the ith item, -∞ < βi < ∞. 

 

 

It can be shown that the log-odds (logit) of a correct response by student n on 

item i is given by the difference in their ability and the item’s difficulty: 𝜃𝑛 − 𝛽𝑖. When 

a student’s ability is equal to an item’s difficulty, the probability of a correct answer is 

0.5. When their ability is greater than the item difficulty, the probability of a correct 

answer will be higher, and vice versa. For each item, the relationship between a 

student’s ability and the chances of answering the question correctly can be 

illustrated graphically – see, for example, Figure 1, which shows the parallel curves 

for three items with various values of the 𝛽𝑖 parameter. These curves are known as 

item characteristic curves (ICC). In Figure 1, item 1 is easier than items 2 and 3 in 

that students are more likely to give a correct answer to item 1 at any ability level. 

Figure 1 Various item characteristic curves for the Rasch model 
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Students’ predicted total-test scores can be calculated by aggregating their 

predicted item scores. Figure 2 illustrates the mapping between the theta estimates 

and the total score for a 30-item test made up of dichotomous items. This curve is 

known as the test characteristic curve (TCC). 

Figure 2 Test characteristic curve for a Rasch model for a 30-item test 

 

The Rasch model is also known as the one-parameter IRT model. The 

independently developed two-parameter IRT model (Birnbaum, 1968; Lord & Novick, 

1968) adds an additional slope parameter allowing the ICCs to be non-parallel. For 

the Rasch model, the total score is a sufficient statistic for estimating person and 

item parameters in terms of the latent trait, meaning that students with the same total 

score will have the same position on the latent trait, whereas in the two-parameter 

IRT model, students with different patterns of responses but the same total score will 

differ in their positions on the latent trait. For A-level data, the Rasch model has an 

advantage over the two-parameter IRT model in that the resulting estimates of ability 

on the latent trait preserve the rank order of students based on total marks. This 

means that items retain the intended weight that the examiners created when 

allocating marks.  

The partial credit model (PCM) form of the Rasch model is shown in equation 

(2) (Masters, 1982). The model allows items to have scores greater than one, where 

part marks on an item are awarded for partial success (otherwise known as 

polytomous items). The total number of marks for each question can vary. Each part 
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mark of an item is referred to as a category and must be awarded in a way that 

means increasing value represents increasing underlying ability. 

𝑃(𝑋𝑛𝑖 = 𝑥|𝜃𝑛) =  
𝑒𝑥𝑝 (∑ (𝜃𝑛 − 𝑏𝑖𝑠)𝑥

𝑠=1 )

∑ [𝑒𝑥𝑝 (∑ (𝜃𝑛 − 𝑏𝑖𝑠)𝑟
𝑠=1 ]𝑚𝑖

𝑟=0

 (2) 

Where: 
 

𝑋𝑛𝑖 = observed response (𝑥 = 0, … , 𝑚) for the nth student on the ith item 

where 𝑚i is the maximum mark of item 𝑖 

𝛽𝑖𝑠 = threshold parameter for the associated category (mark) 𝑠 of item 𝑖, 

(𝑠 = 0, … , 𝑚𝑖) 

𝜃𝑛 = parameter describing the position of the nth student on the latent trait  

 

 

The thresholds (βis) of an item in equation (2) can be re-parameterised using a 

location plus deviation approach: 

 𝛽𝑖𝑠 =  𝛽𝑖 + 𝑑𝑖𝑠 (3) 

where 𝛽𝑖 is known as the location parameter for item i, which describes the overall 

item difficulty (the average of all thresholds) and 𝑑𝑖𝑠 describes the deviation from the 

location parameter at each adjacent category threshold. The location parameter is 

reported here to summarise PCM output. 

Rasch and IRT models enable estimation of standard errors for the item 

parameters and the student ability estimates (Hambleton, Swaminathan, & Rogers, 

1991) which facilitates the evaluation of the fit of item and student estimates. Each of 

the models described above assume that the latent trait is unidimensional, i.e., that 

there is no other significant dimension captured by the test other than the ability that 

the test was designed to measure. It is also assumed that, other than a common 

dependence on the latent ability, responses to the items are independent of each 

other; i.e. after considering student ability, there is no relationship between the 

response to pairs of items item (known as local independence). This assumption may 

be violated when a subset of items relate to the same topic in the context of 

assessing an ability that is reflected in various topics.  

The PCM requires data from many students to evaluate fit. Adequate model fit 

is important because when the PCM fits the test data, student ability estimates are 

not test dependent and item parameter estimates are not dependent on the cohort of 

students who took the test (Hambleton et al., 1991). This means the results are 

generalisable to students who did not sit the same form of the test, such as occurs 
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when optionality occurs. If this assumption is reasonable, then useful insights can be 

gleaned from DIF and DTF analysis about the fairness of the test. 

2.5.2 Evaluating model fit 

An initial model was fitted to the raw data without taking programming option 

group into account. The adequacy of the model fit, and the assumptions made, 

should be verified before any conclusions are drawn about the fairness of the test. A-

level assessments are often designed with related questions presented together 

referring to a common theme, which may lead to dependency between the 

responses to these questions. The existence of dependent items was assessed 

through analysis of item residuals after PCM models are fitted – the residuals should 

be uncorrelated (Andrich & Marais, 2019). Dependent items have been identified 

using the Q3 statistic (Yen, 1984) and flagged if |Q3|>0.3 (Andrich and Marais, 

2019). Dependent items have been combined by adding their marks into a single 

item to remove violations of local dependence, and the PCM refitted and re-

evaluated. Unidimensionality has been assessed using a principal component 

analysis (PCA) of the model residuals, which should not show evidence of a 

remaining dimension in the residual data. The person separation index (WLE) has 

been used to report reliability (Adams, 2005). 

Individual item fit has been assessed using the Rasch measures of fit: infit 

and outfit mean square (Wright & Masters, 1990). The infit measure is outlier-robust 

and values should ideally lie between 0.8 and 1.2. Person fit has been assessed 

using infit-t, with person fit values lower than -2 or higher than 2 flagged as showing 

aberrant response patterns compared to model expectation.  

2.5.3 Multiple-group model: anchor selection and equating options groups 

Multiple-group models are IRT models that allow some or all the item 

parameters to vary by group. The PCM given in equation (2) could be viewed as a 

fully constrained multiple-group model, with no allowance made for group 

differences. To evaluate whether there are significant differences between the 

groups an initial fully independent multiple-group model was fitted assuming that the 

latent ability trait is distributed N(0, σ2) for all of the students from each of the five 

option-groups is the same, while allowing each item difficulty estimate to vary with 

group membership G – the independent model, equation (4).  
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𝑃𝑖(𝑋𝑖𝐺𝑝 = 𝑥|𝜃𝑝) =  
𝑒𝑥𝑝 (∑ (𝜃𝑝 − 𝑏𝑖𝐺𝑠)𝑥

𝑠=1

∑ [𝑒𝑥𝑝 (∑ (𝜃𝑝 − 𝑏𝑖𝐺𝑠)𝑟
𝑠=1 ]𝑚

𝑟=0

 

 

(4) 

Where:  

𝜃𝑝~𝑁(0, 𝜎2) for all groups, p=person (student) 

𝑏𝑖𝐺𝑠 = threshold parameter category s of item i of group G 

 

 

If the independent model shows a significantly better fit to the data, any large 

differences seen between group item-parameters could be due to both differences in 

ability and DIF. To assess DTF, it is important to first account for any differences in 

ability distributions that exist between the groups (Chalmers et al., 2016). Therefore, 

in order to align the item parameters effectively, the separate programming options 

need to be equated. The resulting equated model allows each group to be described 

with its own ability distribution: 𝜃𝑝~𝑁(𝜇𝐺 , 𝜎𝐺
2) that will be scaled onto the common 

ability trait (𝜃). Once this is done any remaining differences in item parameter 

estimates reflect changes in difficulty alone, thus allowing DTF to be assessed. 

Ideally, the equated model should not differ significantly in fit from the independent 

model (Chalmers et al., 2016). The equated model is shown in equation (5), this was 

compared to the fully independent model of equation (4) using χ2 likelihood ratio 

tests, the Bayesian information criterion (BIC), and the Akaike information criterion 

(AIC), where smaller values indicate a better fitting model. 

𝑃𝑖(𝑋𝑖𝐺𝑝 = 𝑥|𝜃𝐺𝑝) =  
𝑒𝑥𝑝 (∑ (𝜃𝑝 − 𝑏𝑖𝐺𝑠)𝑥

𝑠=1

∑ [𝑒𝑥𝑝 (∑ (𝜃𝑝 − 𝑏𝑖𝐺𝑠)𝑟
𝑠=1 ]𝑚

𝑟=0

 (5) 

Where: 

 

 

𝜃𝐺𝑝~𝑁(𝜇𝐺 , 𝜎𝐺
2), G=option group, p=person (student), 𝜇1 = 0 

𝑏𝑖𝐺𝑠 = threshold parameter category s of item i of group G 

Constraining 𝑏𝑖𝐺𝑠 = 𝑏𝑖𝑠 over all option groups, for all items in the anchor 

 

 

The process of equating the option groups requires the identification of a few 

items that are invariant over all options (i.e. showing no evidence of DIF), which can 

then be used to define the common latent ability trait (𝜃), these are referred to as the 

anchor set. Shealy and Stout, (2015) describe the anchor set as a valid subset of the 

test “against which the remainder is measured for bias”. However, Domingue et al. 
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(2017) argue that DTF can be fully assessed only if most of the items are allowed to 

differ by group and therefore it is important to constrain as few items as possible 

when selecting the anchor.  

Identifying invariant items is a non-trivial task, but an uncontaminated anchor 

set is important, as later assessment of DIF and DTF can be undermined by a poorly 

chosen anchor (Woods, 2009). Anchor items were selected from the programming-

language independent section (section A) so that all parameters for sections B to D 

items could vary by option choice. Items in section A should all be programming-

independent, but as option choice might be linked to teachers’ programming skills 

and experience in computer science, it is possible some of these items may also 

show DIF by language option.  

2.5.4 Anchor selection using DIF procedures 

Many procedures have been proposed for selecting anchor items prior to an 

IRT DIF analysis; some of these were evaluated through simulation studies (e.g. 

Kopf, Zeileis, & Strobl, 2015; Lee & Geisinger, 2016; Woods, 2009). Unfortunately, 

none of these approaches were evaluated using the PCM. Therefore, here, a simple 

two-step likelihood-ratio approach to identifying DIF items was adopted to select 

items that showed no evidence of DIF. This involves comparing two nested IRT 

models using a likelihood-ratio test (Thissen, Steinberg, & Wainer, 1993). The first 

model was fitted with all item parameters constrained to be equal across the groups 

being compared with an assumed common latent trait distribution: the fully 

constrained model (2). Secondly, for each of the items in section A in turn, a model 

was fitted that allowed its threshold parameters to differ (with all other item 

parameters being held fixed). The new model was compared to the fully constrained 

model (2) using a likelihood-ratio χ2 test. Items showing no evidence of DIF were 

then selected for the anchor, a conservative cut-off of p>0.1 was chosen.  

The final, equated model (5) was then fitted, which allowed the abilities of the 

students from each option to be described in terms of their own mean and variance, 

and all non-anchor items parameters to vary by option. This model offers a simpler 

description of the data, with fewer parameters, however it should not be a 

significantly poorer fit to the data than the independent model (4) (Chalmers et al., 

2016). As items may now have different location parameters by option, the rank 

order of students based on their latent ability estimate may differ from their raw total-

mark rank order. 
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2.5.5 DTF assessment 

A joint plot of the option TCCs from the equated model gives a useful 

visualisation of any differences between the groups but does not indicate the 

significance of any apparent test bias, particularly when sample sizes are small. The 

methods offered by Chalmers et al. (2016) use bootstrap methods to enable 

estimation of the statistical significance of differences between TCCs while 

accounting for their sampling variability. Currently, the MIRT DTF procedure can 

compare only two groups at a time, meaning that several pairwise comparisons 

needed to be considered. For each comparison, overall DTF between the options 

was summarised using two statistics. Signed DTF (sDTF) is the average bias in one 

direction and identifies DTF that favours one group over another. Unsigned DTF 

(uDTF) summarises all deviations from a common TCC (average absolute bias). The 

two statistics have the same value when the TCCs do not cross. Figure 3 shows two 

TCCs that do cross, the uDTF summarises the average absolute difference between 

the curves is 0.453 marks with a 95% confidence interval of (0.39, 0.51). However, 

the two distinct areas cancel each other out and so the sDTF (the average difference 

between the curves) is −0.011 with a 95% confidence interval of (−0.10, 0.08). Figure 

3 also shows a nominal cut-score of 12 marks, whereby a student in group 2 needs 

to have a higher ability level than a student in group 1 in order to achieve 12 marks. 

Figure 3 Crossing TCCs for a 15-mark test, cut score of 12 marks shown with 

associated values in the latent ability trait 
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The MIRT DTF procedure uses bootstrap techniques to estimate the standard 

deviation of sDTF and uDTF, thus enabling the reporting of confidence limits. The 

statistics are reported on the same scale as the test i.e. in raw marks. The sDTF 

ranges in value from -TS to TS (TS=maximum total score, in this study TS=100), but 

uDTF can only take positive values and ranges from 0 to TS. As the lower bound for 

uDTF is zero, it is impossible to test the hypothesis uDTF=0 for the population but 

confidence limits can be reported. For sDTF, the hypothesis sDTF=0 can be tested. 

Both statistics were evaluated for abilities (𝜃) over the range [-6, 6] with 2,000 

bootstrap samples. The value of the sDTF at any point on the latent trait (sDTFϴ) is 

also available, with confidence limits, and can be used to assess differences in test 

performance in more detail. It can also be shown graphically with the confidence 

limits as illustrated in Figure 4, which shows the data from Figure 3 together with the 

two ability estimates associated with a score of 12 marks. The black curve indicates 

how sDTFϴ varies with ability, 95% confidence limits on sDTFϴ are shown as a grey 

area, and the red line indicates sDTFϴ =0. For values of 𝜃 > 1, the test has a positive 

sDTF and it favours group 1; for values of 𝜃 < 0 , sDTF is negative and the test 

favours group 2. If the shaded 95% confidence interval includes the red line, then at 

this point on the latent trait sDTFϴ does not differ significantly from zero. In Figure 4, 

at the abilities associated with a score of 12 marks (𝜃 = 1.8 or 2), sDTFϴ has a value 

of 0.4 to 0.5 marks and differs significantly from zero, p<0.05, and so at the cut score 

of 12, group 1 students outperform group 2 students by 0.4 to 0.5 marks. 

Figure 4 sDTFϴ for the 15-mark test shown in Figure 3 (group 1 – group 2) 

. 
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Ten pairwise comparisons can be made between the option groups and a 

subset of these were selected. Each of the most popular options were compared to 

each other (Python, VB.NET, C#), and the two minor choices (Java and Pascal) were 

compared to the most popular choice: Python. A Bonferroni correction was used to 

control the overall type I error rate: five comparisons were made at the 1% level in 

order to maintain an overall 5% type I error, and 99% confidence intervals were 

reported. The value of sDTFϴ was considered at the relevant cut-points for the key 

grades of A and B on the paper. 

2.5.6 Differential item functioning analysis 

Where significant DTF was found the items were evaluated for DIF to assess 

whether any items were the main contributors to DTF. Using the equated multiple-

group models, DIF in the unconstrained items of sections B to D was evaluated. A 

step-down procedure was adopted, which adds constraints to each item in turn by 

fixing the item parameters to be equal across groups. Each constrained model is 

compared to the equated model using a χ2 test to assess for significant loss in model 

fit. As this process can identify many DIF items when a dataset is relatively large, 

those items associated with a change in BIC>10 were identified as showing ‘strong 

evidence’ of meaningful DIF (Raferty, 1995). ICCs for the identified DIF items were 

plotted to illustrate which groups appear to be advantaged by an item, and where in 

the ability range the bias occurred. 

2.5.7 Differential Bundle Functioning analysis 

The MIRT software also offers the facility to assess bias in a group of items: 

differential bundle functioning (DBF). This means that in addition to item-level (DIF) 

and paper-level (DTF) analysis, the relative performance of sub-sections of the paper 

can be evaluated. This has been assessed in the equated model for the sections B to 

D, where the response is dependent on the language choice made by teachers. 

Again, unsigned (uDBF) and signed (sDBF) versions are available, each has been 

assessed for values of 𝜃 over [-6, 6] from 2,000 bootstrap samples. If the overall 

sDTF and the programming language specific sDBF statistics differ, it indicates that 

items in section A are impacting overall performance differently for students in each 

option, despite being language independent. 

  



 

34 

3 Results 

3.1 Descriptive results 

Table 5 (see next page) shows the mean item scores overall and by option 

choice. The mean response to several items in section C appeared to vary by 

language option and this was also seen in items A3.4 and A4.2. Items A3.1 and C9.4 

appeared very easy, and items A2.2 and A2.3 appeared very difficult. Figure 5 shows 

histograms for the high tariff items, for many of these the modal score was a high 

mark – except for the final item where the most frequent mark was zero (some of 

these will be non-attempts). 

Figure 5 Histograms for high tariff items 
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Table 5 Item means by programming-language choice 

 Item Tariff All C#  Java  Pascal  Python  VB.NET  

 A1.1 4 0.36 0.35 0.31 0.65 0.32 0.39  

 A1.2 2 0.57 0.55 0.55 0.38 0.61 0.55  

 A1.3 2 0.82 0.80 0.80 0.98 0.81 0.82  

 A2.1 5 3.41 3.37 3.63 3.50 3.38 3.43  

 A2.2 1 0.08 0.08 0.09 0.13 0.08 0.07  

 A2.3 1 0.06 0.07 0.06 0.10 0.05 0.06  

 A2.4 2 0.56 0.58 0.60 0.64 0.53 0.57  

 A3.1 1 0.92 0.91 0.96 0.95 0.92 0.91  

 A3.2 1 0.33 0.31 0.27 0.35 0.33 0.36  

 A3.3 1 0.17 0.17 0.17 0.13 0.18 0.16  

 A3.4 1 0.15 0.20 0.11 0.25 0.14 0.14  

 A3.5 2 0.48 0.44 0.5 0.57 0.46 0.55  

 A3.6 1 0.38 0.38 0.35 0.49 0.38 0.38  

 A4.1 1 0.62 0.60 0.68 0.70 0.62 0.60  

 A4.2 1 0.65 0.62 0.67 0.76 0.65 0.63  

 A4.3 3 1.98 1.95 2.00 1.99 1.99 1.96  

 B5.1 12 6.57 6.54 6.13 7.12 6.74 6.24  

 B5.2 1 0.51 0.52 0.49 0.42 0.51 0.51  

 C6 2 0.79 0.90 0.90 0.83 0.76 0.71  

 C7.1 1 0.49 0.57 0.49 0.75 0.45 0.48  

 C7.2 1 0.43 0.44 0.43 0.51 0.43 0.42  

 C7.3 1 0.68 0.69 0.71 0.80 0.67 0.66  

 C7.4 2 0.40 0.48 0.26 0.55 0.37 0.43  

 C7.5 4 0.98 1.05 0.81 1.45 0.96 0.93  

 C7.6 1 0.26 0.24 0.27 0.40 0.25 0.26  

 C8.1 3 0.91 0.95 0.96 0.93 0.90 0.86  

 C8.2 1 0.13 0.11 0.09 0.20 0.14 0.13  

 C8.3 1 0.11 0.12 0.05 0.13 0.10 0.12  

 C8.4 1 0.23 0.22 0.17 0.34 0.24 0.23  

 C9.1 1 0.81 0.79 0.8 0.89 0.84 0.75  

 C9.2 1 0.81 0.79 0.83 0.88 0.82 0.78  

 C9.3 1 0.58 0.57 0.70 0.58 0.59 0.51  

 C9.4 1 0.87 0.80 0.90 0.95 0.87 0.90  

 C9.5 1 0.47 0.50 0.44 0.70 0.45 0.43  

 D10.1 4 3.26 3.19 3.14 3.31 3.36 3.14  

 D10.2 1 0.77 0.75 0.73 0.74 0.80 0.75  

 D11.1 7 4.70 4.74 4.18 4.67 4.78 4.66  

 D11.2 1 0.64 0.65 0.58 0.63 0.64 0.64  

 D12.1 12 6.96 7.24 6.67 6.84 6.89 7.02  

 D12.2 1 0.44 0.49 0.4 0.44 0.43 0.44  

 D13.1 8 3.98 3.96 3.67 4.12 4.07 3.87  

 D13.2 1 0.22 0.23 0.21 0.24 0.22 0.23  
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3.2 Partial Credit Model fit 

The PCM was fitted to the item data from Paper 1 and evaluated. Correlations 

in the model residuals between several consecutive items (Q3>0.3) suggested the 

existence of local dependence. Examining these items showed that many were 

logically linked, e.g. in several of these pairings the second item asked the student to 

provide a screen capture that demonstrated the outcomes from the previous item’s 

code (Appendix C gives an example). In other pairings, items referred to closely 

related concepts, or to the same resource given in the paper (examples are given in 

Appendix C). These consecutive pairs of items were combined, leaving 33 items. 

The PCM was then refitted and assessed for fit adequacy. The model showed good 

reliability at 0.915. 

Table 6 shows the infit and outfit statistics from the PCM. Three items were 

flagged for misfit (infit>1.2): A2.1, A4.3 and the B5.1+B5.2 combination, but for each 

infit≤1.30, and so acceptable. ICCs for these items are shown in Figure 6, together 

with item A1.1, which showed poor outfit (<0.8). Visual inspection shows that the fit 

for these items appears adequate as the empirical observations do not deviate far 

from the model ICC. The high infit for item B5.1+B5.2 may be caused by the 

response pattern to B5.1, which showed multiple peaks (see Figure 5). Item A4.3 is a 

relatively easy item, where most students scored full or near full marks, it appears 

that the most and least able candidates do not always perform as well as predicted 

by the model, suggesting that this item did not discriminate between students 

effectively. Despite the high level of zeros, the final item (D13.1+D13.2) was not 

flagged as misfitting.  
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Table 6 PCM item location parameter estimates, standard errors and 

Outfit/Infit statistics 

Item Tariff Location s.e. Outfit Infit  

A1.1 4 1.51 0.021 0.63 0.81  

A1.2 2 0.91 0.024 1.02 1.01  

A1.3 2 0.26 0.020 0.85 0.89  

A2.1 5 -0.48 0.011 1.40 1.23  

A2.2 1 2.59 0.057 0.68 0.91  

A2.3 1 2.97 0.067 0.81 0.96  

A2.4 2 0.91 0.024 0.86 0.89  

A3.1 1 -2.62 0.056 1.00 1.00  

A3.2+A3.3 2 0.94 0.023 1.13 1.11  

A3.4 1 1.80 0.043 0.98 0.99  

A3.5 2 1.17 0.026 0.85 0.89  

A3.6 1 0.48 0.033 0.82 0.85  

A4.1+A4.2 2 -0.46 0.019 0.98 0.95  

A4.3 3 -0.64 0.017 1.48 1.26  

B5.1+B5.2 13 -0.21 0.006 1.60 1.29  

C6 2 0.50 0.025 1.05 1.05  

C7.1 1 -0.01 0.032 0.93 0.93  

C7.2 1 0.25 0.032 0.79 0.82  

C7.3 1 -0.86 0.034 0.79 0.85  

C7.4 2 1.17 0.025 0.84 0.92  

C7.5 4 0.97 0.016 0.85 0.90  

C7.6 1 1.11 0.036 0.94 0.97  

C8.1+C8.2 4 0.70 0.015 1.01 1.01  

C8.3 1 2.25 0.050 0.79 0.93  

C8.4 1 1.25 0.037 0.82 0.90  

C9.1+D9.2 2 -1.12 0.023 1.05 1.00  

C9.3 1 -0.38 0.032 0.86 0.88  

C9.4 1 -2.12 0.047 0.93 0.97  

C9.5 1 0.11 0.032 0.99 0.99  

D10.1+D10.2 5 -0.77 0.012 0.91 0.94  

D11.1+D11.2 8 -0.42 0.008 1.08 0.92  

D12.1+D12.2 13 -0.16 0.007 1.18 1.15  

D13.1+D13.2 9 0.07 0.008 1.14 1.09  

+ indicates combined items  
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Figure 6 Plots of items showing misfit in terms of outfit and infit from PCM 

  

  
 

Two remaining pairs of items were flagged by the Q3-statistic as still 

indicating some local dependence (Q3>0.2), but the absolute between-item residual 

correlation was less than 0.3. These items were not consecutive and do not appear 

to be related in content, and so no further modification was made to the items.  

About 6.9% of students were flagged as having aberrant response patterns, 

whereby the majority of these were underfitted the model (infit-t>2) with only 30 

students showing responses that were too predictable (infit<−2). While this 

proportion of misfitting students is higher than ideal, all students were retained in the 

data in order to preserve the generalisability of the results. 
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PCA of residuals indicated evidence of a second dimension in the 

assessment data. The first eigenvalue was 2.36 and explained 7% of the total 

variation. A scree plot of the first 10 principal components is shown in Figure 7 and 

Table 7 shows the item weightings for the first principal component, where the larger 

weightings are highlighted. There appears to be a contrast between many of the 

AO1/AO2 questions of sections A and C (knowledge and analysis) and the AO3 

questions of sections B and D (program, design and evaluate). For the second 

principal component and onward, no substantively interpretable pattern could be 

identified. 

Figure 7 Scree plot of eigenvalues following PCA analysis of PCM residuals 
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Table 7 Item weightings for first principal component after PCA of PCM 

residuals  

 Item 
Assessment 

Objective 
PC1    

 A1.1 AO2 -0.072   weighting>0.1 

 A1.2 AO1 -0.137   weighting<-0.1 

 A1.3 AO1 -0.368    

 A2.1 AO2 -0.088    

 A2.2 AO2 -0.043    

 A2.3 AO2 -0.022    

 A2.4 AO1 -0.327    

 A3.1 AO1 0.027    

 A3.2+A3.3 AO1 -0.214    

 A3.4 AO2 -0.038    

 A3.5 AO1 -0.333    

 A3.6 AO1 -0.216    

 A4.1+A4.2 AO1 -0.290    

 A4.3 AO2 -0.088    

 B5.1 AO3 0.266    

 C6 AO1 0.018    

 C7.1 AO2 -0.093    

 C7.2 AO2 -0.091    

 C7.3 AO2 -0.190    

 C7.4 AO3 0.003    

 C7.5 AO2 -0.270    

 C7.6 AO2 -0.036    

 C8.1+C8.2 AO2 -0.009    

 C8.3 AO2 -0.054    

 C8.4 AO1 -0.260    

 C9.1+C9.2 AO1/2 -0.005    

 C9.3 AO2 -0.102    

 C9.4 AO1 -0.060    

 C9.5 AO1 -0.123    

 D10.1+D10.2 AO3 0.139    

 D11.1+D11.2 AO3 0.181    

 D12.1+D12.2 AO3 0.151    

 D13.1+D13.2 AO3 0.232    
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Figure 8 shows the person-item map for the PCM estimates, which illustrates 

the student ability distribution and the location of the item difficulties on the ability 

scale. Most student abilities lie between -2 and 2 on the latent scale. The map shows 

that most items targeted this ability range, other than item A3.1 which was relatively 

easy (𝛽<-2), and item A2.3 which was relatively difficult (𝛽=3).  

Figure 8 Person-item map for PCM estimates for Paper 1 

 
 

Overall, the PCM fit appears reasonable but there is some evidence of minor 

item misfit, and of a small second dimension in the residual variance. As model misfit 

might be caused by DIF, each option was evaluated separately using a PCM model 

and this analysis is summarised in Table 8. The reliability was good for each model 

and no single option showed a disproportionate number of misfitting person 

estimates for the candidates. Some items show misfit in several language options, 

for example, item A2.1 is flagged as misfitting in every option model (detailed infit 

and outfit statistics by option are given in Table D1, Appendix D). Therefore, it 

appears that model misfit in the overall dataset is unlikely to be due to DTF.  
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Table 8 Summary of PCM model fit evaluation by option 

 C# Java Pascal Python VB.NET 

n 778 300 205 2087 948 

Reliability 0.912 0.911 0.925 0.912 0.922 

Number of flagged item misfits 

Flagged items 

4 

A1.1 

A2.1 

A4.3 

B5.1 

3 

A2.1 

A3.2 

D12.1 

7 

A1.3 

A2.1 

A3.2 

A4.1 

A4.3 

B5.1 

C7.2 

4 

A1.1 

A2.1 

A4.3 

B5.1 

3 

A2.1 

A4.3 

B5.1 

|residual correlation|>0.3 0 1 2 0 0 

Flagged candidates 8.2% 7.0% 5.9% 5.9% 6.9% 

 

3.3 Multiple-group model 

A DIF analysis across the five options suggested few items in section A could 

be considered invariant across the language options (Appendix D, Table D2 gives 

further details). A multiple-group model using a small anchor made up of invariant 

items was fitted. The anchor consisted of 3 items (4 marks): A1.3, A2.2 and A3.6. 

This model was not significantly different from the independent model (χ2=13.7, 

d.f.=12, p=0.32).This a small anchor, which risks the construct not being adequately 

represented, however using a larger anchor of five items defined with a cut-off of 

p(DIF)>0.05 led to a model that was significantly different from the independent 

model (χ2=57.4, d.f.=32, p=0.004). Table 9 shows the model statistics for the 

unconstrained independent model and the three alternative equated models: the 

three-item and five-item anchor models, and one using all of section A as the anchor. 

Both the AIC and the χ2-test favour the 3-item anchor model, whereas BIC favours 

the section A anchor model. As both the AIC and the χ2-test supported the 3-item 

anchor model, it was chosen as the preferred model for further analysis. 
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Table 9 Multiple-group model fit statistics 

 AIC BIC Log-like χ2 d.f. p 

Independent model 241622.6 244839.7 -120306.3 - - - 

Equated models:       

Section A anchor 241672.8 244167.4 -120443.4 274.2 112 <0.001 

5 item anchor 241616.0 244629.3 -120335.0 57.4 32 0.004 

3 item anchor 241612.2 244752.9 -120313.1 13.7 12 0.32 

 

The estimated means and variances of the latent trait from the 3-item anchor 

model are shown in Table 10, the students studying the Pascal option appeared to 

have a higher average ability than the other students by 0.35 logits, and were more 

varied in their ability. However, the 95% confidence limits for the variance parameter 

estimates overlap suggesting that the differences are not statistically significant. The 

other option groups of students appeared similar in ability, although the VB.NET 

candidates were more varied.  

Table 10 Latent ability distribution mean and variance estimates by option 

from the equated multiple-group model, with 95% confidence limits 

Option Mean (95% CI)  Variance (95% CI) 

C#  0.00 -,-  0.37 (0.32, 0.41) 

Java -0.01 (-0.18, 0.15)  0.35 (0.28, 0.43) 

Pascal 0.35 (0.16, 0.55)  0.50 (0.38, 0.62) 

Python 0.01 (-0.09, 0.11)  0.38 (0.35, 0.41) 

VB.NET 0.00 (-0.12, 0.12)  0.50 (0.44, 0.55) 

 

Figure 9 shows the TCCs for the five options from the equated model. This 

suggests that, after accounting for ability, there were differences between the 

performances of the students from the Pascal option and those from the four other 

options. 
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Figure 9 TCCs for the five programming options 

(A: C#; B: Java; C: Pascal; D: Python; E: VB.NET) 

 

 

Items from the programming section were each assessed for DIF using the 

equated model (see Table 11). Several high tariff items appear to be performing 

differently across the five routes as they showed both significant DIF and BIC>10: 

items B5.1, C6, C7.4 and the whole of section D (Figure D3 in Appendix D shows 

ICCs for these items). The size and significance of the differences between the TCCs 

can only be assessed pairwise, the results of this analysis are described in the next 

section. 
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Table 11 Assessment of DIF in programming items from all-groups equated 

model 

 Item ΔAIC ΔBIC χ2 d.f. p Adjusted p  

 B5.1 -137.87 193.40 241.87 52 <.001 <.001  

 C6 -31.32 19.64 47.32 8 <.001 <.001  

 C7.1 -47.03 -21.55 55.03 4 <.001 <.001  

 C7.2 6.92 32.41 1.08 4 0.898 1.00  

 C7.3 1.25 26.73 6.75 4 0.150 1.00  

 C7.4 -29.73 21.23 45.73 8 <.001 <.001  

 C7.5 5.98 107.91 26.02 16 0.054 1.00  

 C7.6 1.03 26.52 6.97 4 0.138 1.00  

 C8.1 6.93 108.86 25.07 16 0.069 1.00  

 C8.3 -7.00 18.48 15.00 4 0.005 0.089  

 C8.4 0.42 25.91 7.58 4 0.108 1.00  

 C9.1 -35.28 15.68 51.28 8 <.001 <.001  

 C9.3 -29.87 -4.39 37.87 4 <.001 <.001  

 C9.4 -37.05 -11.57 45.05 4 <.001 <.001  

 C9.5 -22.47 3.01 30.47 4 <.001 <.001  

 D10.1 -63.53 63.89 103.53 20 <.001 <.001  

 D11.1 -28.72 175.14 92.72 32 <.001 <.001  

 D12.1 -0.74 330.53 104.74 52 <.001 <.001  

 D13.1 -16.81 212.53 88.81 36 <.001 <.001  

Positive values of ΔAIC and ΔBIC suggest that the less constrained model fits better  
Adjusted p-value: Bonferroni multiple-comparison correction applied 
 

3.4 Group-wise differential test functioning comparisons 

DTF analysis was considered pairwise between the programming-language 

options. To reduce the number of comparisons made and to control for the overall 

type I error rate, only five comparisons were investigated in detail, with a Bonferroni 

correction made (so each was tested at the 1% level and 99% confidence limits 

given, in order to maintain an overall 5% type I error). The first comparison is 

explained in some detail, while the other comparisons are provided in a more 

abridged form. 

3.4.1 Python v VB.NET DTF/DBF evaluation 

An eight-item anchor from section A was selected (11% of the total marks) 

excluding items: A1.1, A1.2, A2.1, A2.4, A3.2 and A3.5. This anchor gives a model 

that was not significantly different from the independent model (χ2=9.13, d.f.=11, 

p=0.61). A model using all of section A as the anchor differed significantly from the 

independent model (χ2=64.1, d.f.=28, p<0.001). Again, AIC favoured an invariant-

anchor model, but BIC favoured the all-section-A-anchor model (see Table D4, 



 

46 

Appendix D).  

The DTF analysis is summarised in Table 12. The DTF statistics suggest that 

there was not a significant difference between the options, either over the whole 

paper (sDTF=0.008, p=0.97,) or in the programming section (sDBF=0.536, p=0.41). 

The programming section (sDBF) shows a greater difference between options than 

overall (sDTF), and this is also reflected in the absolute differences (uDBF=1.169, 

compared to uDTF=0.359). This suggests that between-option differences in non-

anchor items in section A reduce the impact of differences in the programming 

section on overall performance. However, neither the sDTF or the sDBF were 

significantly different from zero and so this may only be random variation. 

Table 12 DTF statistics comparing Python and VB.NET 

Whole test statistics  Programming section statistics 

sDTF 0.008  sDBF 0.536 

p(sDTF=0) 0.97  p(sDBF=0) 0.41 

uDTF 0.359  uDBF 1.169 

uDTF 99% CI (0.22, 0.60)  uDBF 99% CI (0.78, 2.26) 

 

The uDTF statistic (0.359) is higher than the sDTF (0.008), this indicates that 

any differences between the options changes direction across the ability range (i.e. 

the TCCs cross). This can be seen in Figure 10, which shows the detailed sDTFϴ 

estimates with their 99% confidence limits across the ability range, the sDTFϴ is 

above zero at higher ability values, and negative at lower ability values. However, at 

almost every value of 𝜃, the horizontal red line (which indicates sDTFϴ=0) is within 

the shaded confidence interval. Table 13 gives the confidence limits for sDTFϴ at the 

𝜃-values that correspond to the grade boundaries for the key grades A and B on the 

two TCCs. The confidence intervals include zero, showing that for these two options 

there is no evidence of a significant difference in the likelihood of achieving these key 

grades.  
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Figure 10 sDTFϴ for Python and VB.NET comparison with 99% confidence 

limits 

 

Table 13 sDTFϴ at key grade boundaries for the Python and VB.NET 

comparison 

 A (68 marks) B (54 marks) 

 𝜃 sDTFϴ 99% CI 𝜃 sDTFϴ 99% CI 

Python 0.46 1.83 (-0.00, 3.69) 0.07 1.21 (-1.05, 3.39) 

VB.NET 0.53 1.66 (-0.06, 3.42) 0.10 1.35 (-0.88, 3.47) 

 

3.4.2 Other comparisons 

Table 14 and Figure 11 show the results for the four other comparisons that 

were selected for detailed consideration. Again, for each comparison an anchor was 

chosen from a subset of section A, as not all section A items were found to be 

invariant (Table D4 lists the selected items, Table D5 gives model comparison 

statistics – see Appendix D). For the comparison of Python and Pascal, only five 

items were found invariant. Over each comparison the average difference in the 

programming section scores was greater than seen in the overall scores (i.e. 

sDBF>sDTF). However, for most comparisons, there was no evidence of a 

significant difference between the programming options. The exception was the C# 

and VB.NET comparison where there was a significant difference between these 

options, overall and at the key grade boundaries of A and B. In the Pascal and 

Python comparison, no overall DTF was found but there does appear to be evidence 

of sDTFϴ at lower abilities (𝜃 < −1.5, see Figure 11(d)). 
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Table 14 DTF statistics for other comparisons 

 whole test statistics programming section statistics 

Comparison sDTF 
sDTF1 

p-value 
uDTF 

uDTF 

99% CI 
sDBF 

sDBF2 

p-value 
uDBF 

uDBF 

99% CI 

C# & 
Python 

0.272 0.075 0.274 (0.11, 0.66) 0.682 0.26 0.682 (0.16, 2.25) 

C# & 
VB.NET 

0.447 0.003 0.539 (0.32, 0.83) 1.869 <.001 1.955 (1.26, 2.92) 

Java & 
Python 

-0.138 0.57 0.405 (0.21, 0.91) -1.442 0.12 1.449 (0.25, 3.20) 

Pascal & 
Python 

0.057 0.86 0.676 (0.49, 1.17) -1.966 0.071 2.153 (0.66, 4.74) 

1Test of p(sDTF=0) 
2Test of p(sDBF=0) 
 

Figure 11 sDTFϴ for pairwise option comparisons with 99% confidence limits 

a) C# v Python b) C# v VB.NET 

  

c) Java v Python d) Pascal v Python 
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3.4.3 C# v VB.NET DTF/DBF evaluation 

In this comparison an overall sDTF of 0.45 marks was found, with 99% 

confident interval (0.07, 0.80). The uDTF was 0.539, indicating that the TCCs cross 

and the bias doesn’t favour C# across the whole ability range (see Figure 11(b)). The 

programming section statistic was larger than the overall statistic: sDBF=1.87 marks 

(p<0.001), indicating that some of the differences seen in the programming section 

were cancelled out by differences seen in section A. In Figure 11(b), the sDTFϴ plot 

indicates that there may have been an issue around the grade boundaries of A and 

B. Extra details of the sDTFϴ values at grades A and B are given in Table 15, 

suggesting that at mid to high abilities, the paper was biased in favour of C# students 

over VB.NET students by approximately three marks. The significant DIF items from 

the programming section for this comparison are shown in Table 15, and those 

where ΔBIC>10 are illustrated in Figure 12, which shows that many of these 

consistently favour the C# option. Inspection of the ICCs also shows that the DIF is 

complex and not always uniform (i.e. consistently favouring one route in size and 

direction across the ability range). In two items (D10.1 and D12.1) the ICCs cross 

indicating that the DIF changes direction, favouring C# for high ability students and 

VB.NET for lower ability students. The main contributors to DTF were items: B5.1, 

C7.5 and D12.1. For the high tariff items B5.1 and D12.1, the bias towards the C# 

route was particularly noticeable in the range: 0 < 𝜃 < 2. 

 

Table 15 sDTFϴ at key grade boundaries for the C# and VB.NET comparison  

 A (68 marks) B (54 marks) 

 ϴ sDTFϴ 99% CI ϴ sDTFϴ 99% CI 

C# 0.46 3.20 (1.64, 4.69) 0.07 2.79 (0.97, 4.61) 

VB.NET 0.57 2.96 (1.56, 4.33) 0.14 2.98 (1.18, 4.75) 
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Table 16 Significant DIF items in the C# v VB.NET comparison 

 Item ΔAIC ΔBIC χ2 d.f. p Adjusted p   

 B5.1 -10.5 60.4 36.5 13 0.001 0.010   

 C6 -38.1 -27.2 42.1 2 <.001 <.001   

 C7.1 -15.2 -9.7 17.2 1 0.000 0.001   

 C7.5 -10.5 11.3 18.5 4 0.001 0.018   

 C8.1 -2.9 18.9 10.9 4 0.027 0.52   

 C9.3 -6.4 -1.0 8.4 1 0.004 0.070   

 C9.4 -33.1 -27.7 35.1 1 <.001 <.001   

 C9.5 -9.4 -4.0 11.4 1 0.001 0.014   

 D10.1 -12.6 14.6 22.6 5 0.000 0.008   

 D12.1 -15.7 55.2 41.7 13 <.001 <.001   

Positive values of ΔAIC and ΔBIC suggest that the less constrained model fits better  
Adjusted p-value: Bonferroni multiple-comparison correction applied 
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Figure 12 Items showing significant DIF in the programming section of Paper 1 between options C# (A) and VB.NET (E) 
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3.4.4 Additional comparisons 

Plots showing sDTFϴ for the five comparisons not considered in detail here 

are shown in Figure D6 (Appendix D), which were each also considered with 99% 

confidence limits. There is some evidence of a significant overall difference between 

Pascal and Java sDTF=1.10, p=0.002, however the associated sDBF for the 

programming section was not significant (sDBF=1.98, p=0.10) and so does not 

appear to be a programming-language related issue. Each of the additional 

comparisons showed no evidence of significant sDTFϴ for mid to high ability 

students. There was evidence of sDTFϴ at low abilities in comparisons involving 

Pascal students (with the Pascal students performing better on average).  
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4 Discussion 

This dissertation has evaluated whether offering A-level Computer Science 

with a choice of programming languages in its teaching and assessment has led to a 

fair qualification. Specifically, it has evaluated whether a paper that allows student 

responses to be given in one of five programming languages functioned in an 

invariant manner for each of the resulting sub-groups of students in terms of their 

overall test scores. This is important because both students and schools are judged 

on the outcomes of the assessment. Students may potentially be disadvantaged in 

university applications if the paper is biased against the language they used, and 

schools might underperform in one of the performance measures that feature in 

school league tables. Therefore, it is necessary to carefully evaluate whether offering 

language choice, which was done in order to enable greater access to the subject, 

has resulted in unfairness to students.  

Previous research on optional questions indicated that offering choice in an 

assessment may lead to inequity. Here, only five possible routes were available 

making it more straightforward to use DTF methods that are normally applied to 

broader issues of fairness where a group of students might be disadvantaged on a 

paper due to a common background characteristic. The possible presence and 

extent of test bias has been evaluated statistically using a Rasch/IRT modelling 

approach to estimate student abilities. This has meant that the overall functioning of 

the paper could be looked at for evidence of any systematic bias favouring or 

disadvantaging any programming language group of students, once ability had been 

accounted for. In addition, outcomes were compared at certain abilities, and the 

performance of a subset of questions was assessed. The following sections outline 

this study’s results and discuss their implications for language choice in A-level 

computer science. The strengths and weaknesses of the Rasch/IRT analysis are 

discussed along with the more general use of choice in assessment. An appeal for 

more prevalent use of DTF analysis in A-level awards is made, in the interests of 

better evaluating broader issues around fairness in assessment. Finally, future 

research ideas are discussed. 

4.1 Summary of findings 

4.1.1 RQ1: Can a Rasch or IRT model be successfully applied to the computer 

science test data? 

The PCM showed a reasonable fit to the data. The items appeared to target 
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the ability range of the students effectively and there was no evidence that a more 

complex model was required. There was some indication of a second dimension in 

the data – which appeared to be linked to the various assessment objectives targeted 

by the exam indicating that, on average, students do not give similar performances 

on each of the assessment objectives; where students may have been differentially 

weaker for some objectives and stronger in another. However, it was concluded that 

as a dominant dimension was present in the data a Rasch/IRT approach to 

estimating student ability was appropriate for further analysis. 

In terms of raw scores, Java students appeared to be the weakest, and Pascal 

the strongest, however it is also possible that Java students were disadvantaged on 

the test and Pascal students advantaged. Both routes were relatively unpopular with 

teachers and so these results could reflect the strengths and weaknesses of a small 

number of teachers, rather than problems with programming language choice. A 

multiple-group IRT model was fitted to the data, which enabled a DTF evaluation that 

accounted for any differences in the ability of each language-group of students. This 

model found that the Pascal students were more able on average than the other 

students by about 0.35 logits. Students from the other routes appeared similar in 

ability. Visual inspection of the resulting TCCs showed that the curves for C#, Java, 

Python and VB.NET students were similar, indicating that their performances on the 

test were broadly comparable across the whole ability range. This suggests that 

there had been no disadvantage for the Java students. However, the curve for 

Pascal students differed considerably from the others. The Pascal students appeared 

to underperform on the paper relative to all the other groups, i.e. Pascal students 

achieved lower total scores than those using any of the other languages across most 

ability levels, except at low- or high-test scores. This may indicate a cause for 

concern for test developers, but it is also possible that the multiple-group model has 

not adequately described these students.  

4.1.2 RQ2: To what extent is differential test functioning (DTF) impacting the 

different programming-language choices on average? 

The statistical significance of any overall test bias (DTF) was assessed 

pairwise for a subset of pairings. The Python route was taken by nearly half of the 

students and all DTF comparisons with the Python route were non-significant, 

indicating that the use of programming language choice did not lead to five sets of 

equally able students performing very differently in their final marks. In addition, 

assessment of bias in the programming-language dependent section (DBF) showed 
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that comparisons between Python and all other routes were non-significant. This 

suggests that students from each alternative route performed similarly in the 

examination to the most popular route in the programming-language dependent 

section. The analyses presented here showed a small statistically significant 

difference in student achievements for Paper 1 between two of the major non-Python 

language choices (C# and VB.NET), whereas other pairwise comparisons did not 

show evidence of significant DTF. Overall, the paper appears to be performing in a 

fair manner for all programming language options.  

When considering the programming-language dependent sections there was 

always a larger DBF effect than whole paper effect (DTF), indicating an interaction 

between student performances on section A and the rest of the paper. This suggests 

several possibilities, including that students might be strong in one aspect of 

computer science (section A is targeted the assessment of knowledge and analysis; 

sections B to D concerned writing, designing and evaluating programming code), or 

that their teachers also have strengths and weaknesses, and student performance 

reflects this, or finally that some students did not give each section the effort it was 

due, in particular because they were moving quickly to the questions that were based 

on the pre-released material (sections C and D) – a concern that has been raised by 

examiners15. This feature could be linked to evidence that indicated the presence of a 

minor second dimension in the data, but the differences are not large enough to 

suggest that two marks should be reported per paper. However, it does appear that 

the presence of DIF items in section A counteracted any DBF seen between the 

language groups across sections B to D. Thus, resulting in final scores that appeared 

comparable by language choice with little or no evidence of DTF. As the responses 

to section A items were independent of programming language choice, this may 

indicate that differing teaching and learning experiences for the students of each 

route impacted exam performance more profoundly than language choice. 

4.1.3 RQ3: Does the DTF vary with ability? If so, which ability levels are most 

effected and is this impacting outcomes at the key grades of A and B 

Each multiple-group IRT model used to assess a pairwise comparison also 

allowed detailed inspection of the differences in performance at various levels of 

ability (sDTFϴ). For most comparisons considered, sDTFϴ rarely differed significantly 

 

15 Noted in correspondence with examiners. 
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from zero for the abilities targeted by the paper. Implying that for the range of abilities 

where most students fell, the test performed in a fair manner with no evidence of 

DTF. 

For the significant DTF comparison between the languages C# and VB.NET, a 

closer inspection showed that mid to high ability students (0 <  𝜃 < 2) using C# 

performed better than VB.NET students by 1 to 3 marks, suggesting that use of  C# 

might have advantaged students at this ability level. This means that for those 

students near the key paper grade boundaries of A or B, C# students were more 

likely to achieve the higher grade than VB.NET students. However, whilst this would 

be an important difference for the students concerned, it does appear that the paper 

performed fairly at most ability levels. For very high ability students (𝜃 > 2), DTFϴ fell 

to zero, suggesting that for those students likely to achieve top marks and an A* 

grade on the paper, language choice was irrelevant. The routes were also 

comparable at lower abilities (𝜃 < 0).  

4.1.4 RQ4: Is the DTF due to differential item functioning (DIF) on specific 

questions or is it accrued over several questions that individually do not 

show DIF? 

In the significant comparison between the C# and VB.NET language routes, it 

appeared that the DTF accrued over a few items that showed significant DIF 

favouring C# students. For some items, the DIF was complex and inconsistent 

across the ability range and the ICCs crossed. This complex pattern of DIF may 

make identifying item-level unfairness difficult but for those items where the DIF 

always favoured the C# students, examiners should consider whether there was 

something about creating code using C#, rather than VB.NET, that made these items 

more straightforward for C# students. However, as there were also are items in 

section A that showed DIF, it cannot be ruled out that the overall DTF had been 

caused by differences in classroom experience. Suggestions for further research to 

explore this are discussed below. 

4.2 Implications for A-level Computer Science 

Overall, offering programming language choice has not resulted in large levels 

of DTF or DBF between the routes. Where DIF items have been identified, they have 

not caused overall test bias, except in one comparison. In any post-hoc review of 

paper performance, item writers and the exam preparation team should consider 

DTF and, where it exists, consider any items where statistically significant DIF was 
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seen that consistently favoured one group over another. Camilli (2013) cautions 

against being over-reliant on quantitative evidence and it should not be immediately 

assumed that a real problem has occurred that is definitely caused by the 

programming language choices. For example, it is possible that the observed 

difference in performance might be indicative of differing classroom experiences. 

Therefore, qualitative evidence is also important in confirming the source of the 

problem, e.g. complaints from teachers claiming a question was more difficult to 

answer in one language could be considered.  

As suggested in section1.5, it seems unlikely that the use of optionality will 

always lead to equivalent assessment. In other studies looking at option choice, 

differences were also found. Bell (1997) found a one mark difference between 

English literature essays; Bramley and Crisp (2017) found five marks between the 

hardest and easiest combinations of three questions in a Geography paper; Willmott 

and Hall (1975) found candidates differing in Biology questions by as much as 10-15 

marks. Here a significant difference of about three marks was found between two 

major option choices at two key grade boundaries. Thus, there is an accumulation of 

evidence, including the present study, that choice cannot often be offered with any 

guarantee of absolute comparability in terms of students having an equal likelihood of 

achieving any grade even when they have equal abilities in the subject. 

Nonetheless, in this one academic year group, the problem of DTF appears to 

be minor. More generally, the possibility of DTF between the same pair of language 

choices should be considered every year. If there are repeated issue with the same 

pair of languages, then intervention to improve the fairness of the qualification might 

be needed. As discussed in the section 1.5, it is possible that the existence of DTF 

regularly occurring between optional papers would mean that the routes should be 

statistically aligned. The simplest approach to alignment within the framework of A-

levels would be to ask examiners to judge this when setting grade boundaries. 

However, based on the evidence seen here, the current use of common grade 

boundaries for each programming route should be retained16. In part this would be 

because it is undesirable to risk the possibility that teachers interpret differing grade 

boundaries as indicating that some language choices are easier than others. It 

seems more logical to recommend that teachers choose the language they are either 

 

16 An exception should be made if during the marking season, it becomes clear that both quantitative 
and qualitative evidence shows that a task is genuinely more complex to tackle through one 
programming language. As the items are not pre-tested, this might happen despite exam writers’ best 
intentions. This disparity could, for example, be addressed through modifications to the mark scheme. 
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best able to teach, or that they believe best equips their students for a future that will 

involve computing and writing code. At the same time exam writers should regularly 

review paper performances with respect to DTF and DIF so that they are aware when 

issues arise. They can then assess whether future item-writing practice should 

change. 

4.3 Broader implications 

4.3.1 Is the Rasch/IRT approach to DTF analysis appropriate for A-levels? 

A-level assessments are not designed from the point of view of a future 

analysis with a Rasch/IRT model because If they were, items would not be written 

that are so clearly correlated in their responses. Consequently, the data have not 

leant themselves easily to this approach and some pre-processing was required. 

However, the methods have enabled a detailed interrogation of the paper and item 

performance between routes, over all abilities and at particular levels of the ability 

range.  

4.3.2 Appropriate assumptions for assessing the impact of choice 

As discussed in section 1.5, the Rasch/IRT approach to DTF/DIF analysis 

assumes that students would have responded to each question whilst using another 

language in the way predicted by the language-specific item parameters. It may not 

be reasonable to assume, for example, that how well a student tackles a task in 

Python indicates how well they could tackle the task in C#. In the context of this 

assessment, this is exactly the assumption that examiners are making when offering 

a choice of language, i.e., they do believe that the languages are close to equivalent 

approaches to answering the questions that they ask of examinees. Hence, in this 

context, the assumption that we can predict how well a student would perform in 

another language (if they had a similar chance to learn it) from how they have 

currently performed, is probably reasonable. This assumption would be less 

reasonable if the questions themselves differed, such as those used in an English 

literature paper that use slightly different questions depending on the book choice. 

4.3.3 Generic mark schemes 

Although students responded to most questions from Paper 1 in their 

programming language choice, the paper itself was presented as a single set of 

questions that showed no language specific content. It was also marked to a 

common, generic mark scheme. It is possible that this approach explains why major 
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test bias has been avoided. Bramley and Crisp (2017) suggested that if optionality 

cannot be avoided its use should be minimised, and they advocate for the use of 

generic mark schemes. In his analysis of English literature questions, Bell (1997) 

argued that the problems associated with choice had probably been minimised by the 

common nature of the skills being assessed and through the use of generic mark 

schemes, i.e. it is the analytical process of creating a response that is important not, 

for example, the detail of the characters in the book. This observation may also be 

true of the responses to programming questions, that it is the style of the solution that 

matters, not the syntax of the programming language used. Although, this should be 

verified by analysing the results from sittings of the computer science exams in other 

academic years. 

4.3.4  DTF methodology in evaluating fairness in assessment 

The MIRT-DTF methodology used here is relatively new but could be applied 

to many other scenarios in the post-hoc analysis of any assessment with respect to 

fairness. This would not just be around the issue of optionality but broader factors 

such as gender, ethnicity, SES or regional variations, where test bias might unfairly 

disadvantage a group of students. The method’s key strength lies in the fact that it 

looks at the relative performance of students on a test once ability has been 

corrected for – this cannot be achieved if raw scores alone are analysed.  

DTF is not a recent concept. In 2002, while not denying the importance of DIF 

analysis, Stout (2002) argued that as students are judged on their overall tests 

scores, rather than their item scores, test fairness should be analysed at test level 

not item level. However, there is very little literature on evaluating DTF. Chalmers et 

al. (2016) and Domingue et al. (2017) demonstrate the usefulness of this 

methodology to compare the test performances of different sub-groups. Chalmers et 

al. (2016) suggested that DTF is currently an overlooked but important issue in test 

evaluation. Domingue et al. (2017) also challenged the assessment community to 

consider this matter in more detail, arguing that DTF is an important issue that it is 

currently neglected in educational assessment.  

4.4 Limitations of findings 

4.4.1 Anchor selection problems 

Choosing items for the anchor was not straightforward in the present study. 

Anchor items were chosen exclusively from the 14 items of section A where the 

students’ responses were not programming-language dependent but required 
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programming related skills and knowledge. While it would seem logical that the items 

of section A should all prove to be invariant, they were not, and as these items 

impacted students’ final outcomes on the paper it was decided to exclude them from 

the anchor. This problem was less notable in pairwise comparisons that did not 

involve the Pascal students (where 8 to 11 items were found), but considerable when 

all five routes were compared together (only three items were found invariant) or 

when Pascal was compared to Python (five items were found invariant). At some 

point in the five sets of pairwise anchor selection processes, every section A item 

played a role in an anchor. It could be that the process was over stringent in its 

definition of invariance and that all section A items should have been selected by 

default to the anchor. It is also possible that a few of the items in the programming-

language specific section could have usefully been incorporated into the anchor. 

Further analysis, varying the method of anchor selection could assess the stability of 

the DTF results found.  

Woods (2009) recommended that an anchor should be made up of 10 to 20% 

of the items. However, in contrast, Domingue et al. (2017) argued that the anchor 

should be small in order to enable better detection of DTF and in fact used only one 

item. Domingue et al. (2017) demonstrated that DTF estimates reduced as the 

number of constrained items increased. However, although the anchor should be 

uncorrupted by poorly chosen items that show even minor DIF, the anchor is used to 

define the ability scale and to link the option routes. Thus, the use of more items may 

lead to better construct representation (Woods, 2009). The anchor used in the all-

routes model (section 3.3) used few items, which may not represent the construct 

adequately. Fortunately, the pairwise comparison models were usually based on an 

anchor made up of a larger proportion of section A and the conclusions drawn from 

these models should be more reliable. Further research is needed to provide clarity 

on appropriate anchor selection.  

4.4.2 Pascal 

The performance of Pascal students appeared to differ from that of students 

using other languages, both in terms of mean total scores, where they scored highly 

on average, and in the TCC plot showing all five routes, where their performance 

appeared weaker than the other groups. The model appeared to show that once their 

higher ability was accounted for, they should have performed even better on the 

paper than students that took other programming language options. However, these 

observations are not statistically significant and do not support an interpretation of 
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the test being biased against these students. When compared to the most popular 

route (Python) there was no evidence of statistically significant DTF or DBF.  

Several issues undermined the analysis where Pascal students were 

concerned. First, few students used the Pascal route and IRT models require a large 

number of observations for an effective fit. Second, a “dummy” student was needed 

to allow a multiple-group model to be fitted. Finally, it is possible that the small 

number of anchor items used when creating the multiple-group models did not 

adequately capture the ability of the Pascal students, resulting in a poor estimate of 

their latent distribution. Woods (2009) noted that anchor selection is more complex 

when there are large number of items showing DIF, which may be the case with 

Pascal students’ data. 

In contrast, Java was also unpopular, but the analysis of this route was 

straightforward with 10 items used in the anchor and no need to employ a dummy 

candidate. The results for this route appear reasonable. 

4.4.3 Real and artificial DIF  

DIF procedures were used at two stages of the analysis. First to define an 

anchor and second to assess which, if any, items contributed to any observed DTF. 

In any DIF identification process, the large number of comparisons being made leads 

to the risk of finding spurious DIF. At the anchor selection stage, the invariant status 

of any of the items was unknown and the status of each was assessed by assuming 

all the other items were invariant. Andrich and Hagquist (2015; Hagquist & Andrich, 

2017) suggested that when assessing DIF in any test, the presence of real DIF in 

some items will lead to artificial DIF being found in others. They recommended that 

when real DIF is identified in an item, it should then be treated as an item per group 

in any further DIF analysis (referred to as resolving the item). The anchor selection 

process used here may have been vulnerable to the effects of artificial DIF resulting 

in some items being spuriously excluded from the anchor. Conversely, the second 

stage of DIF analysis was dependent on the adequacy of the multiple-group model. 

Here, the DIF identification process added constraints to items that were effectively 

already resolved and hence the artificial DIF scenario should not have occurred, if 

the anchor was adequate.  

4.4.4 Confounding factors 

As discussed in the introduction, determining whether real bias exists is not 

straightforward as observed differences might be due to factors outside of the test, 
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e.g. opportunity to learn (Camilli, 2006; Cole & Zieky, 2001). In a test that can be pre-

tested, questions can be modified or dropped if they show evidence of DIF (this is 

common practice in the US). However, A-level questions are not pretested, and 

unanticipated unfairness can occur, even in the most carefully designed tests. The 

models used here have not explored the possibility of centre effects. It could be that 

centre characteristics such as private-school status or school size, affects a schools’ 

ability to offer students a good preparation for this assessment. Some of these 

factors may interact with language choice. Unfortunately, there are insufficient data 

on centres to investigate this as little data were available on private or international 

school characteristics. 

4.5 Future research ideas 

The use of pre-released material in the test paper may have influenced how 

students approached the paper. It is unclear in what order students tackled the paper 

or whether they followed the timing guidance. This could be explored by interviewing 

students or by asking them to fill in a short questionnaire at the end of their 

assessment. If this research revealed that students do not follow the recommended 

timings, or orderings, future papers could be re-structured. If the pre-released 

material appeared to result in an unnecessary amount of classroom time being used 

to prepare students for a sub-section of the exam, then the exam board could release 

this material closer to the exam date. 

The possibility that a programming task is more difficult to answer in one 

language than another should be discussed by examiners when there is statistical 

evidence that a difference has occurred. Isolating this possibility from differences in 

classroom experience for students could be investigated by interviewing teachers. 

The presence of DIF items in section A is unexpected and the reasons for this may 

also be better understood after discussions with teachers.  

The anchor selection process was complex and vulnerable to the impact of 

artificial DIF. Identifying an invariant anchor was key to linking the different 

programming routes and was an important part of the DTF analysis. The impact of 

anchor selection could be investigated using simulated test data with varying levels 

of DTF between groups and varying numbers of items affected by real DIF. 

Identifying the accuracy of various anchor selection procedures could then inform 

future DTF analysis. 

There has been little research on the use of choice in a question paper. The 

views of teachers and students could be sought on this to evaluate whether they 
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agree with the widely held view that question choice is for students’ benefit. Barrance 

and Elwood (2018) looked at what students thought of subject choices made for them 

by their teachers and schools. It clear that those interviewed felt strongly that some of 

the decisions made for them were unfair, limited their opportunities, and that they 

would like to contribute to the discussion on the choice of subjects offered in their 

schools. If, in some subjects, it is found that concerns around unfairness mean that 

teachers and students would prefer that choice were not offered, this should be 

considered in future assessment designs. It is also possible that students and 

teachers would prefer a post-hoc correction to be made to the affected results. 

A statistical review of the extent of DTF in a broader range of subjects that use 

question or paper choice could be undertaken The various forms of offering choice 

could be recorded, to assess whether using a common mark scheme has been more 

effective in maintaining fairness than using question specific mark schemes. This 

analysis would give evidence of the extent of any unfairness in the current 

examinations where choice is offered, and whether this is linked to either the styles of 

optional questions offered or to their mark schemes. If systematic unfairness is 

revealed, the affected assessments should be redesigned, either by avoiding offering 

choice, or by adopting the question or mark-scheme style of any assessments where 

choice did not result in meaningful unfairness.  
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5 Conclusion 

An IRT-based DTF analysis has allowed a comprehensive statistical analysis 

of the performance of an A-level Computer Science paper. Item-level, section-level, 

and overall test-level performance has been reviewed across all ability levels, with a 

focus on the key grade boundaries of A and B that are important to schools and 

students. There did not appear to be a substantial issue with comparability between 

the five optional programming language routes across the range of student ability 

levels. Some small differences between two of the main language-choices were 

found around key boundaries and this might, of course, have had an impact on a 

small number of students and their schools. Such differences have been noted in 

studies of other qualifications using optionality, so computer science is not different in 

this respect. It was not possible to confirm that this difference was solely caused by 

the language choice as some differences were seen in questions that were not linked 

to the language, indicating the possibility that classroom experience played a part in 

the DTF. The observed differences do not warrant any changes in how the 

assessment should be offered or graded in the future, although the assessment 

should be monitored over time, as should any assessment that offers choice. Where 

DTF has been observed, associated DIF items should be considered by exam writers 

who may be able to identify issues that can inform future item writing practice. 

Offering choice has been of benefit to students and teachers in computer 

science, and the fairness of the award has not been undermined. It is probable that 

this has been achieved through careful test design, with the strict use of a common 

paper and a common mark scheme. The literature indicates that offering question 

and paper choice does not always result in comparable assessments and therefore 

choice should be restricted in its use. Further research looking at the design of 

papers with optionality, and their associated mark schemes, may clarify when 

offering choice can be done fairly. 

In contrast to item-level bias, test bias is currently a neglected area of test 

development and post-hoc review. As test bias has more impact on students than 

item bias, it should be assessed more frequently, not just for the issue of bias relating 

to question choice, but also for wider concerns such as gender, socio-economic 

status or ethnicity. Here, a Rasch/IRT modelling approach to data analysis has 

proven to be informative and is recommended for analysing other test data where 

bias is a concern. The DTF methods offered by Chalmers et al. (2016) enable a 

detailed interrogation of the data with estimation of statistical significance. 
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Appendix A BSc Computer science offers at the top 20 ranked UK universities for computer science 

Rank University 
A-level grades 

required 
Maths 

A-level? 
Computer science 

A-level? 
Notes 

1 Cambridge A*A*A Y Y   

2 Oxford A*AA Y   A* in Maths, Further Maths or Computing/Computer Science 

3 Imperial A*A*A - A*AAA Y recommended Maths= A* 

4 St Andrews AAA Y or other numerate   

5 Warwick A*AA Y   Maths= A 

6 Leeds AAA or CS or Maths Lower offers possible if aptitude shown 

7 Glasgow AAB Y     

8 Durham A*AA Y     

9 Bath A*AA - AAA Y     

10 Edinburgh ABB-AAA Y     

11 Exeter ABB - AAA Y   Maths=B 

12 Manchester A*AA Y   Maths=A* 

13 UCL A*A*A Y   Maths=A* 

14 Southampton A*AA Y   Maths=A, or A*A*B with A* Maths 

15 Bristol A*AA - AAB Y   Maths=A*; Contextual offer: AAB including A in Maths 

16 Birmingham AAA Y   Maths=A 

17 Nottingham AAA     AAB with A in Computer Science 

18 Kings AAA     Need at least one of Maths, Further Maths, Computing, or Computer Science 

19 Sheffield AAA Y   or AAB with A in Maths and Computer science 

20 York AAB - AAB Y   Maths=B 

Data retrieved from: https://www.thecompleteuniversityguide.co.uk/league-tables/rankings/computer-science (Nov, 2019) 

https://www.thecompleteuniversityguide.co.uk/league-tables/rankings/computer-science
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Appendix B Curec Approval 
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Appendix C Examples of related questions 

Example 1 Use of screen capture 

 

 

Example 2 Related topics 
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Example 3 Referring to a common resource 
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Appendix D Additional Tables and Figures 

Table D1 Infit/outfit statistics by option for the PCM 

 C# Java Pascal Python VB.NET 

item Outfit Infit Outfit Infit Outfit Infit Outfit Infit Outfit Infit 

A1.1 0.63 0.79 0.58 0.83 0.68 0.88 0.60 0.80 0.68 0.80 

A1.2 1.07 1.03 1.03 1.00 1.17 1.04 1.02 1.01 0.94 0.94 

A1.3 0.84 0.87 0.81 0.85 0.66 0.73 0.89 0.92 0.84 0.89 

A2.1 1.47 1.22 1.45 1.20 1.51 1.53 1.40 1.21 1.31 1.27 

A2.2 0.65 0.91 0.67 0.90 0.79 0.94 0.68 0.92 0.65 0.90 

A2.3 0.81 0.97 0.83 0.99 0.86 0.96 0.81 0.96 0.78 0.96 

A2.4 0.87 0.91 0.89 0.90 0.81 0.87 0.84 0.88 0.88 0.87 

A3.1 0.97 1.01 0.88 1.00 0.93 1.02 1.02 1.00 1.03 1.02 

A3.2 1.12 1.07 1.39 1.21 1.18 1.22 1.13 1.12 1.06 1.05 

A3.4 1.02 1.00 1.02 0.98 0.91 0.96 0.99 0.99 0.94 0.99 

A3.5 0.82 0.87 0.93 0.96 0.83 0.88 0.86 0.89 0.84 0.87 

A3.6 0.81 0.83 0.84 0.88 0.82 0.85 0.84 0.87 0.76 0.81 

A4.1 1.09 0.99 0.94 0.94 0.69 0.77 0.94 0.93 1.02 1.00 

A4.3 1.57 1.33 1.18 1.08 1.77 1.47 1.43 1.25 1.55 1.27 

B5.1 1.70 1.44 1.13 1.13 1.41 1.45 1.68 1.21 1.60 1.34 

C6 1.06 1.06 1.10 1.08 0.99 1.00 1.03 1.03 1.07 1.06 

C7.1 0.93 0.92 0.96 0.97 0.83 0.91 0.94 0.94 0.90 0.92 

C7.2 0.79 0.82 0.79 0.82 0.74 0.78 0.80 0.83 0.78 0.81 

C7.3 0.79 0.85 0.78 0.86 0.83 0.89 0.81 0.86 0.74 0.81 

C7.4 0.88 0.93 0.72 0.85 0.85 0.94 0.80 0.91 0.88 0.94 

C7.5 0.76 0.82 1.05 1.00 0.83 0.84 0.84 0.90 0.90 0.94 

C7.6 0.93 0.97 0.87 0.92 0.99 1.01 0.94 0.96 0.95 0.97 

C8.1 1.04 0.98 1.01 1.02 1.10 1.10 0.99 0.99 0.99 1.03 

C8.3 0.76 0.92 0.64 0.91 0.82 0.89 0.84 0.94 0.73 0.90 

C8.4 0.83 0.91 0.81 0.92 0.87 0.92 0.83 0.90 0.78 0.88 

C9.1 0.96 0.93 0.93 0.99 1.72 1.18 1.06 1.01 1.07 1.02 

C9.3 0.86 0.88 0.84 0.89 0.78 0.82 0.86 0.89 0.84 0.87 

C9.4 0.97 0.99 0.92 0.94 0.71 0.93 0.93 0.97 0.83 0.93 

C9.5 0.99 1.00 0.95 0.97 0.93 0.99 0.98 0.99 1.02 1.03 

D10.1 0.81 0.91 1.00 0.96 1.11 1.12 0.81 0.90 1.08 1.00 

D11.1 1.12 0.87 0.91 0.80 0.95 0.93 1.05 0.91 1.08 0.99 

D12.1 1.20 1.19 1.40 1.31 1.06 1.08 1.17 1.13 1.11 1.07 

D13.1 1.14 1.08 1.18 1.07 0.98 1.03 1.20 1.13 1.03 1.03 

 

  



 

75 

Table D2 DIF analysis for all groups PCM 

Item Tariff ΔAIC ΔBIC X2 d.f. p 

A1.1 4 5.51 107.43 26.50 16 0.047 

A1.2 2 -29.89 21.07 45.89 8 <.001 

A1.3 2 5.74 56.70 10.26 8 0.247 

A2.1 5 -8.33 119.08 48.33 20 <.001 

A2.2 1 1.19 26.68 6.81 4 0.146 

A2.3 1 -1.82 23.66 9.82 4 0.044 

A2.4 2 -3.11 47.86 19.11 8 0.014 

A3.1 1 -4.99 20.49 12.99 4 0.011 

A3.2 2 0.93 51.89 15.07 8 0.058 

A3.4 1 -18.93 6.55 26.93 4 <.001 

A3.5 2 -20.99 29.97 36.99 8 <.001 

A3.6 1 1.34 26.83 6.66 4 0.155 

A4.1 2 -4.54 46.42 20.54 8 0.008 

A4.3 3 3.09 79.54 20.91 12 0.052 

B5.1 13 -133.92 197.35 237.92 52 <.001 

C6 2 -43.36 7.61 59.36 8 <.001 

C7.1 1 -79.01 -53.53 87.01 4 <.001 

C7.2 1 5.24 30.72 2.76 4 0.598 

C7.3 1 -7.97 17.51 15.97 4 0.003 

C7.4 2 -40.82 10.15 56.82 8 <.001 

C7.5 4 -17.10 84.83 49.10 16 <.001 

C7.6 1 -11.82 13.66 19.82 4 0.001 

C8.1 4 10.16 112.08 21.85 16 0.148 

C8.3 1 -7.92 17.56 15.92 4 0.003 

C8.4 1 -6.60 18.88 14.60 4 0.006 

C9.1 2 -49.80 1.16 65.80 8 <.001 

C9.3 1 -35.74 -10.26 43.74 4 <.001 

C9.4 1 -49.11 -23.62 57.11 4 <.001 

C9.5 1 -46.59 -21.11 54.59 4 <.001 

D10.1 5 -67.73 59.68 107.73 20 <.001 

D11.1 8 -36.06 167.80 100.06 32 <.001 

D12.1 13 -10.95 320.32 114.95 52 <.001 

D13.1 9 -2.08 227.26 74.08 36 <.001 
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Figure D3 Items showing significant DIF in the programming section of Paper 

1 – all options 

(A: C#; B: Java; C: Pascal; D: Python; E: VB.NET) 
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Figure D3 cont. Items showing significant DIF in the programming section of 

Paper 1 – all options 

(A: C#; B: Java; C: Pascal; D: Python; E: VB.NET) 
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Table D4 Anchor items for other comparisons 

Comparison Anchor items # items 
% 

marks 
χ2-test1 
p-value 

C# & Python 
A1.1, A1.3, A2.2, A2.4, A3.1, A3.2, A3.5, 

A3.6, A4.1, A4.3 
10 20% 0.64 

C# & VB.NET 
A1.1, A1.2, A1.3, A2.1, A2.2, A2.3, A2.4, 

A3.1, A3.6, A4.1, A4.3 
11 24% 0.28 

Java & Python 
A1.1, A1.2, A1.3, A2.2, A2.3, A3.2, A3.4, 

A3.5, A3.6, A4.3 
10 19% 0.67 

Pascal & 
Python 

A1.3, A2.1, A2.4, A3.1, A3.5 5 12% 0.13 

1Comparison of equated model (with separate means and variances) to the fully independent 

model 

Table D5 Model comparison statistics for pairwise DTF evaluations 

 Python v VB.NET       
 

 
 AIC BIC logLik χ2 df p  

 Independent model 168968.2 170183.8 -84282.1     

 section A anchor 168976.3 170023.3 -84314.1 64.1 28 0.000  

 Invariant anchor 168955.3 170104.7 -84286.7 9.13 11 0.610  

        
 

 C# v Python       
 

  AIC BIC logLik χ2 df p  

 Independent model 160195.9 161399.9 -79896.0    
 

 section A anchor 160193.7 161230.8 -79922.9 53.8 28 0.002  

 Invariant anchor 160174.2 161265.0 -79904.1 16.3 19 0.638  

        
 

 Java v Python       
 

  AIC BIC logLik χ2 df p  

 Independent model 132359.0 133526.1 -65977.5    
 

 section A anchor 132346.4 133351.7 -65999.2 43.3 28 0.032  

 Invariant anchor 132337.9 133401.1 -65985.0 14.9 18 0.667  

        
 

 Pascal v Python       
 

  AIC BIC logLik χ2 df p  

 Independent model 127311.6 128470.6 -63453.8    
 

 section A anchor 127380.3 128378.6 -63516.1 124.7 28 0.000  

 Invariant anchor 127305.8 128401.7 -63461.9 16.2 11 0.133  

        
 

 C# v VB.NET       
 

  AIC BIC logLik χ2 df p  

 Independent model 97689.3 98790.8 -48642.7    
 

 section A anchor 97692.3 98641.1 -48672.1 58.9 28 0.001  

 Invariant anchor 97669.8 98645.9 -48655.9 26.5 23 0.280  
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Figure D6 Additional sDTFϴ plots 

C# v Java C# v Pascal 

  

sDTF=0.204 (-0.70, 1.13) sDTF=-0.215 (-1.02, 0.54) 

Java v Pascal Java v VB.NET 

  

sDTF=-1.101 (-1.90, -0.07) sDTF=-0.024 (-0.72, 0.63) 

Pascal v VB.NET  

 

 

sDTF=0.438 (-0.72, 1.54)  
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