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Quantitatively eliciting perspectives about a large number of similar entities (such as a list of competences) is a challenge for researchers in health professions education (HPE). Traditional survey methods may include using Likert items. However, a Likert item approach that generates absolute ratings of the entities may suffer from the “ceiling effect,” as ratings cluster at one end of the scale. This impacts on researchers’ ability to detect differences in ratings between the entities themselves and between respondent groups. This paper describes the use of pairwise comparison (this or that?) questions and a novel application of the Elo algorithm to generate relative ratings and rankings of a large number of entities, on a unidimensional scale. A study assessing the relative importance of 91 student “preparedness characteristics” for veterinary workplace clinical training (WCT) is presented as an example of this method in action. The Elo algorithm uses pairwise comparison responses to generate an importance rating for each preparedness characteristic on a scale from zero to one. This is continuous data with measurement variability which, by definition, spans an entire spectrum and is not susceptible to the ceiling effect. The output should allow for the detection of differences in perspectives between groups of survey respondents (such as students and workplace supervisors) which Likert ratings may be insensitive to. Additional advantages of the pairwise comparisons are their low susceptibility to systematic bias and measurement error, they can be quicker and arguably more engaging to complete than Likert items, and they should carry a low cognitive load for respondents. Methods for evaluating the validity and reliability of this survey design are also described. This paper presents a method that holds great potential for a diverse range of applications in HPE research. In the pursuit quantifying perspectives on survey items which are measured on a relative basis and a unidimensional scale (e.g., importance, priority, probability), this method is likely to be a valuable option.
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1. Introduction

Surveys are popular in health professions education (HPE) research (1). In a bibliometric study of the three highest impact journals in HPE, 52% of research articles used at least one survey (2). Surveys are attractive because they can generate quantitative data about non-observable abstract ideas (constructs) such as respondents’ motivations, satisfaction, attitudes, preferences, values or beliefs (3).

When tasked with quantifying attitudes about a large number of entities in a single dimension, researchers in HPE may choose to ask research participants to rate each entity individually using closed questions with ordered response scales [Likert items (4, 5)]. However, if all the entities are judged to be fairly similar this presents a challenge for detecting differences in the ratings between the entities or between groups of participants. This paper presents an alternative methodology which generates relative ratings of entities across a unidimensional scale and facilitates between-group comparisons.

When symmetrical Likert items are used to measure attitudes such as student preparedness (6) or patient satisfaction (7), there is likely to be a skewed distribution of responses; a phenomenon called positivity bias (8). The ordinal and non-normally distributed data limits statistical analysis to non-parametric approaches (9). More importantly, when data clusters towards one of the limits (called the ceiling effect) this results in low measurement variability and reduces the researcher’s ability to detect differences in ratings between entities (10). Low rating spread between groups of respondents will limit the researchers’ ability to determine differences in perspectives between those groups and may lead to type II errors.

Further issues lie with the cognitive demands of answering a large number of Likert items, one per entity. Question context, particularly the questions immediately preceding the one at hand, affects the specific considerations that apply to each judgement, how respondents map their judgements onto the response scale, and how they edit their answers for consistency before reporting them (8). Contrast effects often seem to result when respondents are asked to judge many similar entities, successively, in a single dimension (8, 11, 12). This has been shown to be true when rating entities such as photographs for physical attractiveness (12) or human height (13), and when measuring subjective attitudes such as politician favourability (14). Thus, most attitude judgements are made on a relative basis (8, 15). This constant comparison process and response tracking, in addition to information retrieval concerning the entity itself, is likely to be cognitively demanding for respondents. The cognitive load will increase with the number of entities to be judged/compared (16) and respondents’ motivation to optimise responses will lose potency and exhaust them. This leads respondents to participate in a way that shortens response time: satisficing (17). Satisficing is a set of behaviours aiming to provide a satisfactory (rather than optimal) response, such as choosing the same answer for every question. Satisficing is likely when completing a large number of Likert items and it will introduce systematic bias and measurement error.

Therefore, there are several anticipated challenges for quantitatively measuring attitudes about a large number of entities on a unidimensional scale using Likert items, and in determining differences between groups of respondents (Table 1). There is a gap for an alternative which overcomes some of these issues.



TABLE 1 Advantages and disadvantages of using Likert items and pairwise comparisons to elicit perspectives about a large number of similar entities in a survey.
[image: Table1]

Tourangeau et al. express that “if respondents find it difficult to map their judgements onto rating scales, then it may be possible to develop item formats that make the task easier, allowing them to answer more quickly, more reliably or both” (8) (p. 249). Pairwise comparisons are one such alternative. This question type involves presenting entities (or options) to respondents two at a time. The basic experimental unit is a comparison of the options and the respondent must choose one of them according to a specific criterion (e.g., the more important) (23). Pairwise comparisons are primarily used in cases where the entities cannot be directly measured, only subjectively judged. This is a common challenge in HPE research since it studies a fundamentally social phenomenon and stakeholder’s perspectives are frequently sought. Additionally, pairwise comparisons are an important heuristic that humans (subconsciously) perform on a daily basis, for example, the weather is better than yesterday, they are stronger than I am, this paper is more difficult than the last. In short, pairwise comparisons are how we measure things (24) and we seem to be psychologically wired for them (25).

Pairwise comparisons and Likert items have been compared in the wider literature with respect to specific use cases. Although ratings and rankings derived from pairwise comparison outcomes have been demonstrated to correlate strongly with Likert based results (19, 20, 26, 27), there are several advantages in using pairwise comparison questions to rate entities in a single dimension (Table 1). Pairwise comparisons are less complicated (19), user-friendly (20), and quicker (19–21) for respondents to perform compared to Likert items. It is easier for participants to assess two options at a time in comparisons, rather than handling all of the entities at once (28). The latter is an approach which is often employed when respondents alter their Likert item response selection for consistency throughout a survey (15). Considering response time as a proxy for cognitive load (29), there is tentative evidence that respondents find pairwise comparisons easier, and they prefer them (20, 21), possibly due to a gamification element. These aspects of pairwise comparisons, it is hypothesised, could improve participation, and reduce in-survey drop out.

In research settings when the true value of the attribute is known, such as biomedical image assessment, pairwise comparisons have been demonstrated to be even more accurate than Likert item scores (21). They have also demonstrated higher inter-rater reliability (20). Pairwise comparisons are efficient; a response to each question provides information about two different entities, whereas single Likert items only contribute information about one. Relatedly, there is also evidence that pairwise comparison-based methods require fewer participants to achieve equivalent results to rating based methods (19). Pairwise comparisons may, therefore, be well suited when a large number of entities are to be rated in an efficient manner.

It is inadequate to simply report the outcomes (the ‘winners’ and ‘losers’) of pairwise comparisons. The data must be processed to provide ratings and rankings of the entities. This requires a mathematical model. The ratings generated by such a model are a continuous data type rather than ordinal and the differences between ratings of the entities on the scale are proportional to the difference in the level of the attribute assigned to the entities by respondents. This is not necessarily applicable to Likert items (22). Likert items provide information about an entity on an absolute scale, whereas pairwise comparisons provide information on a relative scale. Therefore, if a research question is centred around comparing entities relatively, then pairwise comparisons are intuitively more suitable.

The Elo rating system (24) is a mathematical model derived by Arpad Elo to generate ratings and rankings of chess players using data from chess matches. It is not the only system that could be used to generate ratings and rankings of items from pairwise comparison data; there are a vast number of systems available (25) [e.g., Massey’s method (30), Colley’s method (31), Keener’s method (32), the Markov method (25), the Bradley-Terry model (33) or the Analytical Hierarchy Process (34)]. However, the underlying concept of the Elo rating system is simple, and it produces the output data required from the input data acquired: binary win/loss data. From online dating “apps” and primatology to urban planning and sports, the huge number of academic and industry applications (19, 35–41) not only demonstrate the Elo rating system’s flexibility but also relative ease of use in novel cases by non-mathematicians.

A novel application of the Elo rating system is proposed in this methodology paper. It is anticipated that the system can be readily modified to quantify attitudes about a large set of similar items in a single dimension. The items are treated like individual chess players, and each pairwise comparison that a respondent makes between two items can be seen as equivalent to a chess match. All items start with the same rating, but they diverge as successive pairwise comparisons take place. The Elo algorithm calculates an Elo rating for each item iteratively using the outcomes of every pairwise comparison made by respondents.

When sufficient pairwise comparison data has been entered into the algorithm, the Elo ratings will become relatively stable, and a ranking of the items can be produced. The ratings should form a stable ranking provided that (1) items are paired randomly, (2) there is sufficient variation in the items from the respondent’s perspectives and (3) there is a reasonable degree of shared perspectives among respondents in the group of study (19). A major advantage of the system is that, like in the global chess game, there is no requirement that every item is matched against every other. This is beneficial when there are a large number of items to rate (n), because the number of possible unique pair combinations quickly increases (n (n − 1)/2). In other words, it is possible for each survey respondent to perform pairwise comparisons on a subset of the items. Valuably, using the pairwise comparisons performed by participants of a particular demographic group (by pooling), Elo ratings and rankings can be produced on a group-by-group basis, which will generate continuous data for meaningful between-group comparisons.


1.1. Context in health professions education research: quantifying perspectives on preparedness for veterinary workplace clinical training case study

This paper presents a novel approach to assess perspectives on preparedness for veterinary workplace clinical training (WCT), utilising pairwise comparisons and the Elo algorithm. To the best of our knowledge this is the first instance where such a survey design has been employed in an HPE setting.

Insights from other health professions suggest that veterinary student preparedness for undergraduate WCT is important for several reasons; preparedness can impact students’ performance in the workplace (42–45), their stress surrounding the transition (46) and the job satisfaction of workplace supervisors (47). However, preparedness has not been characterised specifically for veterinary WCT, and which aspects are most important has not been evaluated. Since time and resources in HPE curricula are finite and investing into preparing students in one topic will come at the expense of another (48), schools need to be able to distinguish between the ‘very important’ and ‘important’.

Previous work (6) to explore pre-clinical veterinary students’ perspectives on preparedness for WCT used a pre-existing survey taken from the human HPE field (43, 49). Participants were asked to rate 62 preparedness characteristics in terms of their importance for veterinary WCT on a seven-point Likert item. Preparedness characteristics were assimilated into themes and all themes were rated as ‘important’ or ‘very important’. Significant differences in ratings could be identified at the theme level but the clustering of data around ‘important’ and ‘very important’ made distinguishing the relative importance on an individual characteristic level challenging. This limits the impact of the results and their usefulness in directing curriculum change to better prepare students for WCT.

Recent work by Judd et al. demonstrated that Likert items tended to render data indicating that all items concerning readiness for allied health clinical placements were important. They showed that students provided constrained ratings of the items compared to their educators, and suggest that students find it particularly difficult to differentiate between items or have a less nuanced understanding of preparedness (50). This provides further motivation for exploring an alternative survey design.

The overarching aim of this study is to determine the relative importance of aspects of preparedness for veterinary WCT. The objectives of this paper are (1) to describe the method of developing a pairwise comparison survey, (2) to describe use of the Elo rating system to generate ratings and rankings of the relative importance of preparedness characteristics for veterinary WCT and (3) to describe the method for gathering validity and reliability evidence about the survey.




2. Materials and equipment

An online platform was used to host the survey and gather the necessary data. The platform had several important features. Firstly, it had the facility to store a large bank of multiple-choice style questions (pairwise comparisons). Secondly, it was able to randomly allocate a subset of the pairwise comparisons to each participant. Thirdly, the subset could be administered to the participant in a random order, with the response options in a random order too. Finally, the platform could generate the following data: (1) a respondent identifier (an anonymous code), (2) the pairwise comparisons presented to each participant and (3) for each pairwise comparison completed, which response was selected by the participant (which item ‘won’) and which was not (‘lost’).

A computer with an integrated development environment (RStudio1) was used for data processing. The R package developed to produce the Elo ratings and rankings has been made publicly available.2 The EloChoice R package3 was required for the calculation of the weighted consistency index.



3. Methods

An overview of the method is provided in Figure 1.

[image: Figure 1]

FIGURE 1
 An overview of the methodology for producing a pairwise comparison survey and using the Elo algorithm to generate ratings and rankings of the items.



3.1. Survey development and design

The pairwise comparison items (preparedness characteristics) were generated as part of a qualitative study aiming to characterise preparedness for veterinary WCT, and a detailed account of the methods and outcomes are published separately (51). Supplementary material 1 is a joint display (52) used to map the qualitative dimensions (participant quotes) to the survey’s items. It provides evidence for how the instrument was systematically developed. Further evaluation of the survey’s validity is described below.

There were 91 preparedness characteristics conceptualised as the knowledge, skills, personal attributes, awarenesses and behaviours which will facilitate student learning and working at the expected level during WCT. The 91 preparedness characteristics were organised into seven themes. The aim of the survey was to differentiate the relative importance of these preparedness characteristics.

The survey was hosted on Qualtrics.4 The question stem was the same every time: “Which characteristic do you think is more important for a veterinary student to be prepared for their workplace clinical training?” and two preparedness characteristics were presented for the participant to choose from, plus the option to select “I do not understand one or both of the options.” Alternative pairwise comparison style questions which could be used in HPE research are proposed in Figure 2. Each participant was randomly assigned fifty random pairwise comparisons to complete from a bank of all possible pair combinations (n = 4,095).

[image: Figure 2]

FIGURE 2
 Example pairwise comparison style questions which could be utilised in health professions education (HPE) survey research.


Additional components of the survey included an eligibility check against inclusion criteria, consent form, demographic information collection and pairwise comparison instructions.

Questionnaire piloting is discussed in the validity section.



3.2. Data collection

The survey was administered to clinical veterinary students that were due to commence WCT next at their school and workplace clinical supervisors. Sixty-five veterinary schools from a number of different countries were targeted for recruitment to take part in the survey. Twenty-six veterinary schools (40%) responded to requests to take part via email or virtual meetings. Local champions (senior academic members of faculty with responsibilities for research, clinical teaching and/or workplace learning) were sent the inclusion criteria and recruitment material to forward to the target cohort of students at their school via email or at events. Email reminders and response updates were sent periodically to local champions.



3.3. Data processing

Using the outcomes of the pooled pairwise comparisons completed by respondents in the survey, the Elo algorithm calculated an Elo rating for each preparedness characteristic. Instances where a respondent selected ‘I do not understand one or both of the options” were filtered out before commencing data processing.

All characteristics started with the same arbitrary rating (zero). In a sequential manner, the pooled pairwise comparisons were processed one by one by the algorithm, and the ratings of the two characteristics in the comparison increased or decreased depending on the outcome and the probabilities of each characteristic ‘winning’. An in-depth explanation of the mathematics underlying the system are provided in Supplementary material 2 (section 2). When sufficient pairwise comparisons are entered into the system, the characteristics’ ratings become relatively stable (19), and a ranking of the characteristics can be derived.

It was important to consider the order in which the pairwise comparisons were entered into the Elo algorithm for processing. With each entry of a pairwise comparison into the system, the subsequent update of the competing characteristics’ ratings was partially determined by the characteristics’ existing ratings (see Supplementary material 2 for the mathematical detail). Therefore, to achieve a more robust and less variable set of rankings (19), the mean Elo rating (mElo) for each characteristic was generated. This was calculated after the rating system was run with five hundred randomised, virtual sequences of the pooled pairwise comparisons.

Min-max normalisation (53) is a linear mathematical transformation which was performed on the original mElo ratings to generate ratings that ranged from zero to one (n.mElo ratings). An n.mElo rating of zero was attributed to the least important characteristic and an n.mElo rating of one was attributed to the most important characteristic. The 89 intermediary characteristics were attributed n.mElo ratings in-between this maximum and minimum, and the distances between the ratings were proportional to the original mElo rating differences. This normalisation process facilitates the comparison of sets of ratings generated from the perspectives of different groups of participants.



3.4. Survey validity

Validity is “the degree to which an instrument is measuring the construct it purports to measure” (54) (p. 743). Content validity is the degree to which the instrument has an appropriate set of items that reflect the full content of the target construct to be measured (55). This survey is intended to measure perspectives on the importance of preparedness characteristics for veterinary WCT. Given that the preparedness characteristics were generated from group interviews with stakeholders discussing preparedness for veterinary WCT, they are somewhat inherently valid for the survey. Nevertheless, mixed methods validation to review items’ content validity (55, 56) was performed.

Qualitative approaches were used to promote and assess validity. After the joint display was constructed from the group interview outcomes, the researchers involved in the survey development (JRo, KJ, SP, PC) reflected on the items individually, they performed 320 sample pairwise comparisons between them and debriefed as a team, discussing the relationship between the items (preparedness characteristics) and the construct to be measured (the relative importance of aspects of preparedness). The wording of some items was modified to improve their clarity. At this stage, no items were added or removed, nor their underlying content altered, because it was agreed that such decisions made by the research team would undermine the perspectives of the group interview participants.

The survey was piloted with University of Surrey academic staff (n = 7) and veterinary surgeons in practice who were familiar with supervising students in the workplace (n = 4). Feedback from the pilot was used to clarify some survey items further and correct spelling mistakes. There were no significant issues with functionality of the survey identified. Feedback from the pilot study led to the production and provision of a preparedness characteristic dictionary which was embedded in the survey and provided a more detailed descriptor of the item if required by participants.5

A quantitative approach to assessing validity was also employed after survey data collection ended. Content validity indices (55) (CVIs) were generated for all preparedness characteristics. Six of the research team who were not involved in the initial survey development but who are experienced clinical veterinary educationalists (JRe, CW, SWo, AR, PP, SWa) were asked to rate how relevant each characteristic was for the survey (not, somewhat, quite, or very relevant). The CVI was calculated as the proportion of raters who designated the characteristic as “quite” or “very relevant.” When an item’s average CVI is greater than 0.78 for three or more experts, this is good evidence of content validity (57).



3.5. Survey reliability

Reliability is consistency in measurement. Reliability evidence was gathered from (1) a reliability test performed by the same six veterinary educationalists (JRe, CW, SWo, AR, PP, SWa) and (2) from the main survey completed by veterinary students and clinical supervisors.

The reliability test used 39 randomly selected preparedness characteristics (out of 91). These were arranged into 13 triplets which were used to generate 52 pairwise comparison questions presented in a randomised order (for each triplet: preparedness characteristic A versus B, B versus C, A versus C, and B versus A [response option symmetry]). This test was repeated after 8 weeks.

Three measures of intra-rater consistency were calculated. Firstly, the proportion of instances when the same response was given to the pairwise comparison of A versus B and B versus A (response option symmetry). Secondly, the proportion of characteristic triplets which had transitive responses, e.g., where A was selected over B, B over C and A over C. Thirdly, the survey’s test–retest stability was measured using the proportion of instances when the same response was given to any pairwise comparison in the first and second (repeated) test.

Inter-rater consistency in pairwise comparison responses was calculated as the mean weighted consensus rate. This was calculated for the data in both the reliability test and the main survey. For every question that was responded to by more than one rater, a consensus rate was calculated as the proportion of instances where the mode response was given. For example, if a question was asked three times (to three different participants) and twice B was selected, the consensus rate for that question was 0.67. The mean weighted consensus rate was the average consensus rate across all of the questions, weighted for the number of times the question was responded to.

The significance of the reliability metrics was assessed against simulated data. Five thousand random responses to the reliability test were simulated and the inter/intra reliability metrics were calculated for those responses. The mean or median reliability metrics calculated from the simulated, random responses were compared to the test metrics using one sample t-tests or Wilcoxon one sample median tests, respectively, depending on the structure of the simulated data.

The data from the standalone reliability test were supported by a published consistency index (19) for pairwise comparison data processed using the Elo algorithm. The consistency index tracks how often pairwise comparison outcomes violate the expected outcome based on previous comparisons and according to the standing Elo ratings of the characteristics in question. The index is a value between zero and one, and one signifies perfect agreement between the pairwise comparison outcomes. A weighting can be applied to the index related to the degree to which any unexpected pairwise comparison outcomes are a surprise. Larger upsets, where the difference in existing Elo ratings between items is greater, will negatively impact the index more. The underlying mathematics of the index are explained in Supplementary material 2, section 4.3. The degree to which the index reflects inter- or intra-rater reliability is dependent on the ratio of raters to the number of times each item is compared by each rater.

To evaluate the reproducibility of the method, replicating the study and collecting new data to calculate a second set of n.mElo ratings of the preparedness characteristics would be the model approach. However, this undertaking exceeded the scope of what was feasible in the underlying population. Instead, a single demographic group’s data was randomly separated into two halves (n = 67 each). In essence, each half was treated as though the survey had been applied to two samples from the same underlying population. The Elo algorithm was used to generate a separate set of n.mElo ratings and rankings of the preparedness characteristics for each half. Subsequently, after checking the ratings for normality, Pearson’s and Kendall’s Tau correlation coefficients were calculated for the two sets of ratings and rankings, respectively. If the correlation was strong this was an indicator that the method produced reproducible results.



3.6. Sample size estimation

The accuracy of the weighted consistency index is expected to increase with the number of raters (19). As more raters perform more pairwise comparisons, this generates more input data for the algorithm and provides more information about the perspectives of the group. The weighted consistency index is also expected to plateau; beyond a point adding data from more raters will not improve the consistency index, or stabilise the preparedness characteristics’ rankings according to n.mElo ratings. Tracking the consistency index with increasing rater numbers can therefore be used to estimate the number of raters required to produce relatively stable rankings of the preparedness characteristics (19). This is achieved by calculating the weighted consistency index using only a single raters’ pairwise comparison data, then again with an additional rater’s data, and so on until all of the raters are included. Given that the order of rater inclusion could impact the outcomes, this process is repeated ten times with the order of rater inclusion randomised each time. The median weighted consistency index across the ten repeated trials, for each sample size, can be plotted and examined for the point of plateau. The plateau indicates that the consistency indices and rankings of n.mElo ratings are stable and provides evidence for the sample size required.

In order to allow for between-group comparisons of perspectives on preparedness for WCT in future work, recruitment efforts were based on attaining a sufficient number of responses per group of interest. Observations based on the consistency indices in a single demographic group (see Supplementary material 2, section 4.3) suggest that an absolute minimum of twenty participants, each performing fifty comparisons, are required to generate a stable ranking of the preparedness characteristics’ n.mElo ratings. In order to account for the possibility that raters in other demographic groups could have more diverse perspectives, lower inter-rater consistency and therefore a higher data requirement for the algorithm to generate stable set of rankings, forty participants per group was aimed for.



3.7. Ethical considerations

This study was granted ethical approval from the University of Surrey Ethics Committee (FHMS 20-21, 118 EGA Amend 2) 04/03/22. All participants were provided with a digital participant information sheet and gave written consent to take part in the study in the first section of the online survey. In instances where participants did not provide their consent the survey was automatically terminated. All participants were provided with an automated unique code upon completion. Within 7 days, if a participant chose to withdraw their data, they were able to email their code to the research team who could identify and remove their anonymous data from the data set. All participants were offered the opportunity to leave their contact details to take part in a prize draw for online shopping vouchers on completion.




4. Results


4.1. Metadata

Performing a total of 45,050 pairwise comparisons between them, 901 respondents completed the survey. In 51.6% of pairwise comparisons the first item presented was selected as the more important and the second item was selected in 48.1% of pairwise comparisons. The “I do not understand one or both of the options” response was selected in 0.34% of instances. The proportion of pairwise comparisons in which each response was selected, on an individual participant basis, is demonstrated in Figure 3.

[image: Figure 3]

FIGURE 3
 A chart to demonstrate the proportion of questions each response was selected by each survey participant. There are three box plots, one for each possible response in a pairwise comparison: selecting the item listed first, selecting item listed second or selecting “I do not understand one or both of the options”. Each participant is represented by a triangle on each box plot, indicating the proportion of times they selected each response across the survey.


The median time to complete the survey was 14.1 minutes. Fifty-five participants took more than 1 hour, and it was assumed that these participants left the survey window open and returned to it at another time. These outliers were included in the median but were winsorized for the production of Figure 4 which demonstrates the distribution of response time.

[image: Figure 4]

FIGURE 4
 A histogram demonstrating the distribution of response times for the survey.




4.2. n.mElo ratings and rankings of items (preparedness characteristics)

After generating five hundred virtual sequences of the completed pairwise comparisons, the Elo algorithm produced five hundred Elo ratings per item (per preparedness characteristic), which were averaged to generate a single mElo rating per item. The mElo ratings were min-max normalised to produce a n.mElo rating for each item. These values represent the relative importance of the item from the perspectives of the students and supervisors combined, with 1.000 being the most important characteristic and 0.000 being the least.



4.3. Median n.mElo ratings for the survey themes

The preparedness characteristics map to seven themes of preparedness (51). The median n.mElo rating for each theme is provided in Table 2 to demonstrate how ratings can be used to summarise data.



TABLE 2 Median n.mElo ratings and rankings of preparedness characteristics in seven themes of preparedness for veterinary workplace clinical training, according to the perspectives of all respondents.
[image: Table2]



4.4. Survey validity

The content validity indices (CVIs) across the items took values of 0.5 (n = 4), 0.66 (n = 13), 0.83 (n = 26) to 1.0 (n = 48), therefore 74 of the items (81%) had good evidence of content validity.



4.5. Survey reliability


4.5.1. Intra-rater reliability

In the reliability test, the symmetry consistency was 0.92 (the proportion of instances where the same response was provided to a random pairwise comparison of preparedness characteristic A compared to B and then a second question where the item order was reversed: B compared to A). The proportion of pairwise comparison triplets which demonstrated transitivity in the responses was 0.97. In the second application of the reliability test 8 weeks after the first, the proportion of pairwise comparisons where the same response was provided by test respondents was 0.74. There was individual variation between respondents, ranging from 0.65 to 0.85.



4.5.2. Inter-rater reliability

In the reliability test, the weighted mean consensus rate was 0.76. This was consistent with the weighted mean consensus rate in the main survey: 0.74. The distribution of consensus rates across applicable pairwise comparisons in the main survey is shown in Figure 5.

[image: Figure 5]

FIGURE 5
 A histogram demonstrating the frequency of pairwise comparisons per consensus rate in the main survey.


Individually, each reliability metric was compared to the distribution of the same metric produced by 5,000 simulated, random responses to the reliability test (Table 3). All mean (or median) reliability metrics of the random samples were significantly less than the test metrics produced by the real respondents at the p < 0.01 level.



TABLE 3 Inter and intra-rater reliability metrics compared to simulated, random responses **p ≤ 0.01.
[image: Table3]



4.5.3. Consistency indices

In the main survey, the non-weighted consistency index was 0.67; in about two of every three instances, the pairwise comparison result went in the direction of the expectation according to the running Elo ratings of the items in question. The mean weighted consistency index (weighted for the surprisingness of an upset result) for the main survey was 0.75. The weighted consistency index was calculated with increasing numbers of raters included. The consistency index quickly stabilised at around 0.75 when approximately 75 raters (students and clinical supervisors) were included in the calculation (Figure 6).

[image: Figure 6]

FIGURE 6
 A chart to demonstrate the median weighted consistency index with increasing numbers of raters included in the calculation. This includes both student and clinical supervisor raters together. Red, dotted, vertical reference line: x = 40 raters. Forty is the minimum number of raters aimed for. This value was calculated using data taken from raters of a single demographic group (Supplementary material 2).




4.5.4. Method reproducibility

The Pearson’s and Kendall’s Tau correlation coefficients between the n.mElo ratings and rankings generated by two halves of a single demographic group’s dataset was r(89) = 0.92, p ≤ 2.2e–16 (very strong) and rτ(89) = 0.75, p ≤ 2.2e–16 (strong), respectively (58, 59).





5. Discussion

This methods paper has demonstrated that using pairwise comparison data, the Elo algorithm can generate relative ratings and rankings of a large number of entities on a single scale. In the example provided, preparedness characteristics were rated in terms of their relative importance for veterinary WCT, according to the perspectives of a group of veterinary students and clinical workplace supervisors. The output of the algorithm is a vector of ratings taking values between zero and one. The values represent the relative degree of the measured criterion (e.g., importance) attributed to each entity. When n ratings are sorted in order of descending value they can be converted to a ranking vector, taking values from one to n.

This method could be readily adapted by other researchers to quantitatively measure perspectives when there is a large number of entities to compare on a relative scale. These ratings provide a different perspective to the absolute ratings provided by other systems such as Likert items. Future applications of this methodology could include academics comparing written essays to form a relative rating and ranking of students’ performance (41, 60), students comparing clinical competencies for their ease of acquisition to form a relative rating and ranking from easy to hard, or students comparing study tools in terms of their frequency of use to form a relative rating and ranking from most to least utilised. The data set produced by this method will provide unique insights for HPE researchers, but it can also be used to triangulate other findings such as qualitative or other survey data.

Beyond pairwise comparison questions, there are other question types available when challenged with measuring attitudes about a large number of entities. Alternatives include using visual analogue scales, which are essentially Likert items on a graphic line. This question style might produce more granular data than Likert items, but they are also likely to be susceptible to the ceiling effect and greater measurement error. Best-worst scaling measurements (61) could also be considered. However, best-worst scaling requires participants to consider their attitude of more than two entities at once, which has a higher cognitive load than simply comparing two. Keeping the comparison free from extraneous influences caused by the presence of other entities or dimensions is likely to reduce measurement error and increase precision (23).


5.1. Survey metadata, validity and reliability

There is evidence that long online surveys are associated with higher non-response rates (62–64), higher proportions of “do not know” answers, and higher semi-completion (64). This was of particular concern when designing a method to rate a large set of items because rating each one individually was likely to be a lengthy process. There is evidence that the ideal length of an online survey is between 10 and 15 minutes (65, 66), and for this pairwise comparison-based survey, the median time to complete was 14.1 minutes which sits in this bracket.

Except for a single outlier respondent who selected “I do not understand one or both of the options” almost 50% of the time (Figure 3), there is little evidence for systematic responding in the pairwise comparisons. This is supported by the fact that each of the two options (the item listed first, or the one listed second) were selected strikingly close to half of the time (51.4 and 48.3%, respectively). This outcome is facilitated by the fact that both question order and response option order were randomised on the survey delivery platform.

Using qualitative data from relevant group interviews to generate the survey’s items (preparedness characteristics) meant that there was inherent validity to the survey content. The interviews reached “data sufficiency” (67, 68) which supports the comprehensiveness of the list of preparedness characteristics used. Qualitative validity was supported by post-hoc objective content validity indices (CVIs). Less than 20% of preparedness characteristics had an average CVI equivalent to not (n = 4) or somewhat (n = 13) relevant to the survey and removing these items from the survey could be justified. Further validity evidence could be sought, for example by use of a Delphi method (43), to determine whether these, or any other, items should be removed from the set, or, indeed, if any that are missing should be added.

The reliability test data demonstrated that pairwise comparison style questions can be answered reliably by a single rater (symmetry consistency = 0.92 and triplet transitivity rate = 0.97). The test–retest reliability was lower than these other measurements of intra-rater reliability. This is to be expected given that the intra-rater reliability measures calculated solely from responses in the first sitting benefit from respondents’ short-term memory, and respondents are typically reluctant to give inconsistent responses (8).

In the reliability test and the main survey, the weighted mean consensus rates were consistent at 0.76 and 0.74, respectively. This suggests that inter-rater reliability is lower than the intra-rater reliability, which is to be expected when examining group perspectives on a subjective topic because there is likely to be variation between individuals. One of the elegancies of the Elo algorithm is that all participants’ perspectives are taken on board to generate a mathematical consensus (the Elo rating). Just as sports team A might not beat sports team B every time they play, if sufficient matches are played then the ranking of team A will consistently be higher than B, despite sometimes losing. In this study, sufficient ‘matches’ were played (or pairwise comparisons performed/raters included), because the weighted consistency index plateaued with around 75 raters’ pairwise comparison data included, yet data from 901 raters was collected. Clark et al. state that the number of raters included at the point of the index plateau can be interpreted as the minimum number of participants required to generate a stable ranking of Elo ratings in that specific setting (19). In other scenarios, this minimum is likely to change in line with the inter- and intra-rater consistency in responses. As an example, the same procedure using data from a single demographic group (students only, as opposed to students and supervisors here) plateaued at n = 20 (Supplementary material 2), which is similar to the number of raters required by Clark et al. (n = 30–40) (19).

To summarise, respondents were able to answer the pairwise comparison questions reliably, in a reasonable amount of time and without introducing systematic bias. Although inter-rater reliability was lower than intra-rater reliability, we have demonstrated that when enough raters complete the survey, the Elo algorithm is able to produce stable rankings of the items in question. The number of raters required is likely to depend on the diversity of opinion within the group. Reviewing the feedback from multiple validity approaches provided reasonable assurance that the survey is able to achieve the study objective.



5.2. Lessons learnt from the application of pairwise comparison questions and the Elo algorithm

Stemming from Thurstone’s law of comparative judgement (69, 70), the assumption that participants can detect even the smallest difference in their preference when performing comparisons has been questioned (71). Alternatively, there is probably a threshold level of difference that must be exceeded for a judgement to be made. Considering the survey design, one resolution could be to add an indifference option for participants, in case they are unable to distinguish between the items. However, it is anticipated that a larger volume of data (more pairwise comparisons per participant, or more participants) would be required to generate stable ratings. Additionally, even if the pairwise comparisons containing very similar items are answered inconsistently, the items will still form a stable ranking because they will be compared with many other items too. When imperfect judgements are aggregated, the collective intelligence can be excellent; the key to solving a problem is not always to summon the expert, but to ask the crowd instead (72). This is a distinction of the Elo system; the rating and ranking of an item is not informed by only one piece of information (a rating of the item itself by individual participants), but many pieces (serial comparisons of the item to several others, by a group of participants).

In addition to the challenge of rating very similar items, it is acknowledged that it may be difficult for participants to make a choice because some comparisons may not feel natural to make. In this specific use case, an example might be choosing between a relatively abstract characteristic such as “an awareness of the complex professional and culture norms of the veterinary workplace” with a characteristic that is very specific and tangible such as “knowledge of the core vaccines for domestic species.” This challenge was acknowledged and explained to participants in the information provided prior to commencing the survey. The items could have been broken down into separate domains such as knowledge, skills, personal attributes, behaviours, and only within-domain comparisons offered to participants. However, this would produce importance ratings for items relative to other items in that domain only, greatly reducing the impact of the method. It may be that in other applications of this method, where items are more uniform and obviously directly comparable, the problem of awkward comparisons will not be significant.

Another potential challenge is related to question precision; ensuring that all items mean the same thing to all participants, although this is not unique to pairwise comparisons alone. Cognitive interviews (73) during the validation phase of survey development could have been useful to ensure consistent question interpretation. To partially address it, a dictionary was produced to provide participants with more detailed descriptions of the characteristics, which could be referred to at any point. This was in an attempt to unify the understanding of the characteristics, but there is no guarantee that it was used or that it increased the precision of the items. If, after consulting the dictionary, participants still did not understand any item, they were able to select a third option “I do not understand one or both of the options.” These outcomes were removed prior to entry into the Elo algorithm which can only handle binary winner/loser data. This was preferable to the participant guessing which characteristic they think is more important, which would introduce measurement error.



5.3. Limitations of pairwise comparison questions and the Elo algorithm

This method requires an online platform to host the survey, delivering random pairwise comparisons from a question bank. The authors used Qualtrics6 which is a paid-for service approved by the institution for use in research. However, this platform (or one with similar features) may not be available to all HPE researchers, which is a limitation. Pairwise comparisons are fundamentally multiple-choice questions and can be produced using free services, such as Google Forms,7 however administering a unique, random subset to each participant may be more challenging on these platforms.

The ratings generated from pairwise comparison data and the Elo algorithm cannot be attributed to a label. As an example in this study, the n.mElo ratings equate the most important to the least important preparedness characteristics, but that is not to say that the least important item is not important at all. Here, this is an advantage as the items have already been identified as somewhat important by group interview participants and we are interested in their relative importance.

However, this output format could be viewed as a limitation in studies where an absolute (not relative) measure is required, or the entities could theoretically be attributed bivalent labels (opposite criteria). As an example, if an HPE researcher’s aim was to determine the acceptability of potential new teaching interventions, their objective could be to measure perspectives on the interventions on an absolute scale, ranging from totally unacceptable to perfectly acceptable. The pairwise comparison method would generate ratings indicating the relatively least to most acceptable items. However, this output may not align with the research aim since it fails to capture whether students perceive the “least acceptable” item as truly unacceptable. This demonstrates the nuanced distinction between the two output formats. This research example would be a case where using Likert items to generate absolute ratings would be useful. In general, pairwise comparisons and the Elo algorithm are probably best suited for comparing items in a single dimension (e.g., the item is higher or lower priority) whereas Likert items are probably best suited when an absolute measurement across a wide spectrum is required (e.g., the item has a negative effect on X to a positive effect on X) (Figure 7). Therefore, the suitability of pairwise comparisons to generate ratings for survey items must be carefully considered in light of the research question at hand.

[image: Figure 7]

FIGURE 7
 Two example psychological continua that could be examined using a survey in health professions education (HPE) research. As in the case study of this paper, the “importance” of different entities can be considered in a single dimension, with the importance of measured entities as relative to each other. This is well suited to measurement using pairwise comparison questions and the Elo algorithm. Some researched dimensions, though, are bidirectional and span from one extreme (e.g., opposition) to the other (e.g., support). Measurement of different entities on this scale is better suited to Likert items, which can measure both aspects of the dimension absolutely. In contrast, the outcomes of pairwise comparisons measuring “support” would not measure active opposition, only relatively less support.


Generally, the Elo algorithm cannot produce item ratings on a per participant basis. The input data for the Elo algorithm are the pooled pairwise comparisons outcomes from any group of interest and the output is the n.mElo ratings of the items according to the perspectives of the group. It is useful to consider the survey participants as working as a hivemind, each contributing their own share of the input data. An exception to this would be if each participant performed a sufficient number of pairwise comparisons, likely hundreds, to generate sufficiently stable rankings of n.mElo ratings per person. This limitation is problematic if the researcher’s aims included understanding perspectives on an individual basis, but this was not required in this study.

Frequently HPE researchers seek to explore differences in perspectives between groups of survey respondents. For example, do students and workplace supervisors perceive different preparedness characteristics to be relatively more important? Generating n.mElo ratings on a per group basis impacts the statistical techniques used for between-group comparisons. Traditional hypothesis testing tends to focus on determining whether the average rating of an item from two groups are significantly different in location whilst considering the variability of the ratings in the groups. Since n.mElo ratings are not produced on a per participant basis, and there is only a single value of n.mElo for the group, this variation is not “known” or “produced” by the algorithm. There are ways to circumvent this issue (see 5.4 Further work).



5.4. Further work

Correlation analysis can be used to determine whether the n.mElo ratings and rankings according to different groups are different. However, further data processing and analysis is required in order to determine for which items the n.mElo ratings are different. This includes bootstrapping (74) pairwise comparisons to generate 95% confidence intervals for the n.mElo ratings (or rankings). The next step would be to discern whether there is overlap in the confidence intervals for an item between each group. Alternatively, a 95% confidence interval for the difference in n.mElo ratings (or rankings) of an item between groups can be generated and it should be examined for whether it includes zero. Both of these outcomes would signify that the n.mElo ratings (or rankings) for the item are significantly different between groups at the 0.05 level.

A complementary method would be to use permutation tests (74, 75). The permutation test is a hypothesis test which builds, rather than assumes, a null distribution by resampling the observed data (pairwise comparisons) without replacement. The observed test statistic (the true difference in n.mElo ratings (or rankings) of an item between groups) is subsequently compared to this distribution for its extremeness. The p-value represents the probability of obtaining the test statistic assuming that the null distribution is true and provides a more exact indication of whether the n.mElo ratings (or rankings) for an item are significantly different between groups.

If the survey is applied at two time points instead of to different participant groups, bootstrapping to generate confidence intervals and permutation tests could also be used to map how attitudes and ratings change over time. As an example, to determine if students’ perceptions on the importance of different preparedness characteristics changes as they experience their training or as part of programmatic assessment to monitor student progress.

Criterion validity [how well a test correlates with a different measure (76)] could be assessed by correlating n.mElo ratings with Likert item ratings. Although it should be acknowledged these methods would measure different aspects of the attribute (relative versus absolute), if n.mElo ratings are a valid indicator of a construct of interest, then one would expect the characteristics with the highest n.mElo ratings to also have the highest Likert item ratings, and vice versa. Additionally, comparing the two systems would provide further information about how both methods react to the measurement of perceptions about a particularly large number of entities (e.g., response times).

Further work to verify the stability of items’ ranks could be performed. This could involve repeatedly running the Elo algorithm, starting with one participant’s pairwise comparison data and each time increasing the number of participants included by one. The change in the rank of each item as another participant’s data is added would be calculated in addition to the mean change across the set of items. The mean change in rank is expected to decrease exponentially and approach zero as increasing numbers of participants take part.



5.5. Conclusion

The method presented in this paper is a useful option for HPE researchers seeking to measure relative perspectives across a range of items. Use cases might include prioritising clinical skills for inclusion in an HPE curriculum, or assessing which challenges associated with work placements pose a larger problem for students. Given the frequency with which surveys are used in HPE research to assess a wide range of research topics, this novel approach has the potential to be highly impactful.

The method consists of two stages. Firstly, a survey comprising pairwise comparison questions task research participants with assessing items in pairs, in terms of a single quality, feature, or attribute. Subsequently the Elo rating system processes the survey data to generate relative ratings and rankings of the items on a unidimensional scale of the attribute.
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1   RStudio, 250 Northern Ave, Boston, MA 02210, United States https://www.rstudio.com

2   
https://github.com/jennyrouth/n.mEloRatings


3   
https://CRAN.R-project.org/package=EloChoice


4   Qualtrics XM, 10 York Road, London SE1 7ND, United Kingdom https://www.qualtrics.com/

5   
https://bit.ly/optionhelpsheet


6   
https://www.qualtrics.com/uk/


7   
https://www.google.co.uk/forms/about/
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