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 Existing methods for software requirements elicitation, five-point Likert scales and voting 

methods for requirements prioritization, and usability and user experience evaluation methods 

do not enable prioritizing the learning analytics dashboard requirements. Inspired by 

management and product design field, this research applies Kano’s two-factor theory to 

prioritize the features of learning analytics dashboards (LADs) of adaptive learning platform 

(ALP) called RhapsodeTM learner, based on students’ perceived usefulness to support designers’ 

decision-making. Comparing usability and user experience methods for evaluating LAD features, 

this paper contributes with the protocol and a case applying Kano method for evaluating the 

perceived importance of the dashboards in ALP. The paper applies Kano’s two-factor 

questionnaire on the 13 LADs features of RhapsodeTM learner. Responses from 17 students are 

collected using a questionnaire, which is used to showcase the strength of the two-factor theory 

through five tabular and graphical techniques. Through these five tabular and graphical 

techniques, we demonstrate the application and usefulness of the method as designers and 

management are often carried away by the possibilities of insights instead of actual usefulness. 

The results revealed a variation in the categorization of LADs depending on the technique 

employed. As the complexity of the techniques increases, additional factors that indicate data 

uncertainty are gradually incorporated, clearly highlighting the growing requirement for data. In 

the case of RhapsodeTM learner platform, results based on the students responses show that 

11 of 13 LADs being excluded due to low significance level in categorization (technique 1) and 

low response rate. 

Keywords: adaptive learning platforms, Kano’s two-factor theory, learning analytics dashboard, 

design methods 

INTRODUCTION 

Designers of learning technology face a difficult task, as they try to improve elements of Learning 

Technology to better suit teachers’ and students’ needs. Learning analytics dashboards (LADs) are visual 

displays that provide overviews and insights about learners, the learning process, and the learning context 

(Schwendimann et al., 2017; Sedrakyan et al., 2019). LADs are designed for teachers and students to adjust 

students’ learning strategies, motivate students, deepen students’ understanding of subjects, and identify 

learning goals and contents requiring further facilitation by teachers (Verbert et al., 2020). Though LADs 

promise to improve and enrich the learning processes of students (Bodily et al, 2018), several challenges are 

associated with the technology such as slow adoption of the technology, the need for users to be directly 

involved in the data processing, and LADs being difficult to interpret (Viera et al., 2018). Nonetheless, LADs 
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allow users to engage with data for tasks like confirming hypotheses, exploring scenarios, categorizing, and 

spotting interesting features. Furthermore, LADs spans from simple calculations to advanced techniques like 

data mining, guided by user input (Viera et al., 2018). Adaptive learning platforms (ALPs) similarly provides a 

personalization of the learning process of students. ALPs accomplish this as both a technology and an 

approach by supporting individual learners with personalized course content, instructions, and feedback. 

ALPs enable learning environments to dynamically provide ways of presenting course content, instruction and 

feedback based on the learner’s understanding of the learning content by responding to embedded 

assessments or preferences. When students interact with ALP core elements through LADs, the information 

on LAD becomes granularized and dynamically changes as learners process learning. ALPs identify students’ 

weaknesses, recommending students to practice, while providing teachers with feedback on students gaps in 

knowledge through LADs. 

However, designing LADs of ALPs is a not a simple task and it is defined by the design context. Designing 

can thus become extremely complex, encompassing not only students’ and teachers’ perspectives but also 

management’s (Ahn et al., 2019, p. 74). In dealing with these contextual demands, designers can apply one of 

two approaches. The first approach designers can apply involves qualitative methods that use design 

principles to guide the data collection, the analysis of findings with abstract concepts, and the translation of 

findings into concrete design changes. These design principles can be either usability design principles 

(Benyon, p. 116-122), the four-level evaluation model (Kirkpatrick & Kirkpatrick, 2006), visualization design 

principles (Few, 2006) or others. This first approach is typically very time-consuming and expensive, providing 

a lot of complex data. Studies that apply the first approach include Park and Jo (2015) and Yoo and Jin (2020). 

In these two studies, they develop LAD prototypes using interviewing methods building upon design 

principles. They refine and test prototypes, including surveys and usability studies to improve the product. 

Through a thorough design and assessment process, these studies identify issues experienced by the users 

of LADs, but the process is time-consuming. The second approach entails quantitative methods that apply 

one-dimensional usability or user experience methods to identify issues experienced by LAD users (Hornbæk, 

2006; Salas et al., 2019). These quantitative methods seldom give feedback on how issues related to LADs 

might be solved (Nakamura et al., 2017). If these issues are to be solved, designers must follow up with 

methods from the first approach in studies such as Iordache and Pribeanu (2009) and Lesemann et al. (2007), 

which again leaves us with a time-consuming process.  

In the absence of resource constraints, prioritization may seem unnecessary in the design of ALP and their 

LADs. However, the presumption of unlimited resources is seldom, if ever, realistic. 

In any case, tried and tested evaluation methods for LADs on ALPs, which provide prioritized and 

actionable design choices are sparse. Evaluation methods, such as heuristic evaluations receive criticism for 

reliability and effectiveness of measures as well as the need for subjective interpretations of results from 

evaluators (de Kock et al., 2009). By providing a method that prioritizes LAD features for designers to improve 

or remove from the platform, good design does not solely have to rely on the subjective interpretations of a 

good designer. Additionally, as good design depends on access to a wealth of evaluation methods, we present 

the case of Kano’s two-factor theory with five different ways to present the prioritization of dashboards. 

Thereby, the contribution of this study is a quantitative method that gives suggestions to designers on how 

LAD issues might be solved. Furthermore, Kano’s two-factor theory provides a methodological rigor, that 

traditional prioritization techniques such as one-dimensional Likert scales and dot voting does not provide 

with their proven quick and dirty approach.  

Crucially, the novelty of the proposed method provides designers with a prioritization of the specific 

features of LADs rather than determining the effectiveness, efficiency, and user-satisfaction of LAD and 

subsequently requiring interpretation by designers to transform the results into actionable design 

interventions (de Kock et al., 2009). Additionally, the novelty of this study also includes the application of 

Kano’s two-factor method in evaluating and prioritizing LAD features based on students’ responses to a 

developed Kano’s two-factor method questionnaire (Berger et al., 1993).  

The research question addressed is how LAD features for learners can be prioritized for redesign through 

the application of Kano’s two-factor method. 



 

 Contemporary Educational Technology, 2024 

Contemporary Educational Technology, 16(2), ep496 3 / 17 

 

To answer this question, we apply this method in the context of a Danish higher educational institution 

using the company Area9’s RhapsodeTM platform. 

As well as providing further context information, this study provides a state-of-the-art account of the 

evaluation of ALPs and of current methods for the prioritization of LADs for designers. The methods section 

reports on the development of our Kano’s two-factor method questionnaire, on the data collection process, 

and on the application of Kano’s two-factor method to fulfil the aims of this study. The results section presents 

the users’ responses to the questionnaire and demonstrates the various ways in which LAD features can be 

visualized for prioritization by the application of Kano’s two-factor method. The discussion reflects on the 

findings and the method. The conclusion summarizes the study’s central contributions and addresses its 

limitations. 

THE CONTEXT  

In the fall of 2020, the nursing education program at a Danish university college introduced ALP 

RhapsodeTM as part of a three-year research project called BLINDED. The platform was adopted in the natural 

sciences and related subjects in a flipped classroom setting. The initial introduction of the platform consisted 

of a single day of teaching, where researchers and educators presented the teaching content, the platform, 

and its activities to 105 first-semester nursing students. 

The students were grouped into four classes taught by three educators. RhapsodeTM consists of three 

layers: RhapsodeTM curator, where learning activities are constructed, RhapsodeTM educator, where teachers 

assess students’ preparation activity, and RhapsodeTM learner, where students complete their learning 

activities. This study focuses solely on students’ experiences using the RhapsodeTM learner layer to interact 

with learning activities before a lecture. We used the questionnaire to examine students’ perceptions of LADs 

features, elements, and sub-elements. Subsequently, we applied Kano’s two-factor theory as a quantitative 

method to prioritize LAD features for improvement in a design and development process - that is to evaluate 

which LAD features students find least or most useful. Figure 1 shows screenshot of RhapsodeTM learner 

layer. 

STATE OF-THE-ART  

This section identifies the scope of the contribution of this study by addressing how the design of ALPs is 

conducted through non-prioritizing and prioritizing methods fleshing out Kano’s two-factor method. 

 

Figure 1. Screenshot of RhapsodeTM learner layer (Area9, 2024) 
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Evaluation of Adaptive Learning Platforms 

An examination of the literature on the evaluation of ALPs designs shows that this is primarily done 

through ontology and framework evaluations (Tretow-Fish & Khalid, 2022), which is of limited use to designers 

or developers in improving existing platforms. Plenty of work has been done on ALPs with learners from the 

health professions, as seen in literature studies by Fontaine et al. (2019) and Xie et al. (2019). Xie et al. (2019) 

reveals that 46% of the existing literature on ALPs for higher education focuses on the learner perspective. 

Additionally, the application of ALPs for health professionals’ and students’ education has also been tried and 

tested, as seen in another literature study by Fontaine et al. (2019). In other words, the novelty of evaluating 

ALPs in our study lies not in the data being on users’ experiences or the nursing education context. Rather it 

lies in how this specific data can be applied in prioritizing LAD features from a design or development 

perspective. 

Non-Prioritizing Methods for Design of Learning Analytics Dashboard 

Qualitative approaches have been widely applied in the design of LADs in the field of human-computer 

interaction. Qualitative evaluation of LADs can give us insights into unquantifiable phenomena valuable for 

the design process (Earnshaw et al., 2018). Importantly, qualitative methods do not result in a prioritized list 

of features to be addressed. Furthermore, qualitative evaluations can be costly regarding time expenditure, 

the number of participants, and budget constraints. For these reasons, this study will not examine qualitative 

approaches extensively. However, we recognize that from methods such as interviews (Roberts et al., 2017), 

we can attain detailed insights about LADs and from methods such as think-aloud protocols and focus-group 

methods (Bodily et al., 2018), we can gain valuable information on student-facing LADs in use.  

In the evaluation of technology, quantitative methods have the inherent limitation of applying one-

dimensional responses regarding users’ experience of satisfaction (user experience) and/or functionality 

(usability), as presented by Sauro and Lewis (2016). Typically, these do not provide a prioritized list to guide 

designers in improving or removing features of the platforms. Nevertheless, quantitative methods have 

successfully been applied to support the design process of student-facing LADs (Earnshaw et al., 2018; Sauro 

& Lewis, 2016). None of these quantitative and qualitative evaluation methods provides a prioritized or ranked 

list of LADs or LAD features accordingly to the user’s preferences for design purposes.  

Prioritization Methods for Design of Learning Analytics Dashboards 

Prioritization methods for designers are available, but these methods have distinct limitations. 

Prioritization can be accomplished with self-developed instruments such as the satisfaction questionnaire 

presented by Kim et al. (2016). They developed an instrument to measure and prioritize students’ satisfaction 

with goal orientation, information usefulness, visual effectiveness, appropriateness of the visual 

representation, and user-friendliness of a technology. For self-developed instruments, it is important to 

validate the methods’ results. Therefore, reliability tests, such as Cronbach’s alpha, are especially important 

for the internal consistency of the responses. While a self-developed instrument is a good option, 

implementing the instrument requires at least one iteration of testing of the instrument, thereby increasing 

its implementation costs. 

Kano’s two-factor method 

A promising method for evaluation and prioritization is Kano’s two-factor method. This method examines 

the functional and dysfunctional quality of a product features from the users’ perspective. It can also include 

users’ assessment of the importance of the features (Witell et al., 2013), thus making it a two-dimensional 

evaluation method. It is precisely the two-dimensionality that enables designers to prioritize features.  

Prof. Nariaki Kano and colleagues developed a method for categorizing product/service features into 

quality categories based on customer feedback from questionnaires (Berger et al., 1993) to evaluate users’ 

perception of products’ quality. The method classifies customer features into categories, making it possible 

for designers to prioritize customer responses. The responses are collected through a survey with two 

questions on each feature or element of the product. One question is a functional question, assessing how 

the respondent feels about the feature being part of the product; the other question is a dysfunctional 
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question, assessing how the respondent feels about the feature not being part of the product. An example of 

the questions is given from this study’s questionnaire in evaluating feature no. 11:  

How do you feel about the ‘metacognition element’ of Rhapsode being on the platform? (functional). 

How do you feel about the ‘metacognitions element’ in Rhapsode NOT being on the platform? 

(dysfunctional). 

Respondents are then able to answer either “I like it”, “it must-be so”, “I’m neutral about it”, “I can live with 

it”, or “I dislike it”. Through the calculations, tabular, and graphical techniques explained below, the features 

can be listed in prioritization categories, which tell the designer, which are most important to improve or 

remove. These categories are attractive (A), which defines a feature as satisfactory when achieved but does 

not result in customer dissatisfaction when not fulfilled; must-be (M), which defines the requirements as users 

exhibiting discontent when deprived of such attributes, while their presence fails to notably enhance 

satisfaction; one-dimensional (O), which defines the requirements as satisfactory when fulfilled and results in 

dissatisfaction for customers when not fulfilled; indifferent (I), which defines the requirements as neither good 

nor bad; reverse (R), which defines the requirements as the opposite of our expectations. This concept 

acknowledges the inherent heterogeneity among customers, as not all share uniform preferences or 

aversions; and questionable (Q), which defines responses as being unreliable (Kano et al., 1984). Kano method 

is widely applied in various fields, enabling a better understanding of customer requirements and prioritizing 

development/design activities.  

The method has been widely used and applied in multiple different areas (Löfgren & Witell, 2008) such as 

trade-off processes (Löfgren & Witell, 2008), product packaging (Löfgren, 2005), and information systems 

quality and design (Khalid et al., 2008). Since 1984 it has been successful as a product feature evaluation tool 

and continuously improved (Löfgren & Witell, 2008; Witell et al., 2013). It has also seen use in the general area 

of learning technology, which has been applied in studies such as Chen and Hsu (2019). They applied Kano in 

an empirical study of multimedia learning. Hereby, they obtained a prioritized list of what a designer or 

developer could focus on in the next iteration of the product’s development. Chen and Hsu’s (2019) clear-cut 

categorization of the features shows the number of indifferent respondents but does not quantify the 

disagreement with the categorization. Without this quantification, it is difficult for the designers to reflect on 

the prioritization. Another example of use is by Bauk et al. (2014). They applied Kano method to evaluate the 

University Mediterranean’s blended learning system and included the many indifferent responses they 

received.  

While studies have applied Kano method in a learning and learning technology context (Chen et al., 2022), 

to the best of our knowledge, none have applied it in the context of ALPs or on LADs. Thus, in assessing the 

application of Kano’s theory to ALPs, this study devises an instrument designed to evaluate and prioritize the 

various features of LAD RhapsodeTM student platform. In doing so, we apply and assess five separate tabular 

and graphical techniques developed in previous applications of Kano’s theory (Berger et al, 1993). The study 

then compares the results of the five alternative techniques regarding prioritization and decision-making for 

designers. 

METHODS 

The following subsections describe how the survey instrument was produced, how data was collected, and 

which formulas were used for producing the five tabular and graphical techniques used for prioritizing the 

features of RhapsodesTM LADs. 

Instrument Preparation & Data Collection 

The first iteration of the survey instrument produced by the researchers contained 39-questions on the 

13 features of RhapsodeTM learner, three questions per feature, one revealing whether the feature is 

functional, one revealing whether the feature is dysfunctional, and one on the importance of the said feature. 

The survey was tested with two students in 30-minute recorded concurrent think-aloud sessions. 
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Subsequently, the wording was revised on the survey. Eventually, Kano’s questionnaire was divided into two 

parts:  

(1) the two-factor questionnaire for 13 LADs with 26 questions and  

(2) the importance rating of 13 LADs on a nine-point Likert scale (not important to extremely important).  

The survey was conducted using Microsoft Forms, and 17 (n=105) voluntary responses from second-

semester nursing students were exported as CSV files to be treated in the statistic software R. The survey was 

distributed to students after they had familiarized themselves with RhapsodeTM, spending an average of 59.8 

minutes (standard deviation [SD]=39.6 minutes).  

Data Analysis: Formulas & Evaluation of LAD Features 

This section presents  

(1) the conversion of student responses to Kano method categories and  

(2) the five alternative techniques of analysis. 

To effectively categorize the human perception of the features or requirements, the utilization of the Kano 

questionnaire is imperative. The questionnaire comprises of a set of paired questions for each of the features. 

The first question is framed positively, for example, “how you feel about the ‘metacognition element’ of 

Rhapsode being on the platform”–referred to as the functional question. The student respondents then 

choose from five options, expressing varying degrees of satisfaction. The positive formulation gauges the 

respondent’s sentiment when the specified requirement is met. Conversely, the second question is 

formulated negatively, for instance, “how do you feel about the ‘metacognitions element’ in Rhapsode NOT 

being on the platform?”–referred to as the dysfunctional question. Respondents again provide feedback on a 

scale from like to dislike. This negative framing reveals the impact of non-compliance with the requirement 

on the respondent’s satisfaction. The combination of positive and negative questions results in 25 possible 

response combinations (5×5). To assign a requirement to a specific category, an Evaluation Sheet 

encompassing all these combinations is employed. Figure 2 illustrates the systematic process of 

categorization. Berger et al. (1993) and many other scholars applied unequal intervals of scores (i.e., 4, 2, 0, -

1, and -2) and higher points for satisfaction as opposed to dissatisfaction, while some scholars (Madzík et al., 

2019) applied the 1-5 Likert scale scores. 

Applying the procedure of Figure 2, all student responses were categorized into one of the six categories 

for prioritization. These categories were attractive, must-be, one-dimensional, indifferent, reverse, and 

questionable. The responses under the “questionable” category are excluded due to the underlying 

interpretation that one cannot like and dislike for both the inclusion and exclusion of a feature.  

 

Figure 2. Computation procedure of applying Kano questionnaire & evaluation table (as described in Kano’s 

method: A: Attractive; M: Must-be; O: One-dimensional; I: Indifferent; R: Reverse; & Q: Questionable) (inspired 

by Berger et al., 1993) 
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Subsequently, the five separate techniques of analysis were applied and assessed to compare the 

usefulness of their results for prioritization and design decision-making. 

To enhance comprehension, it is common to represent requirements visually. The visual representation 

is typically done using an x-y coordinate system, where the x-axis signifies the extent of requirement fulfilment 

(ranging from completely unfulfilled to fully fulfilled), and the y-axis represents the degree of (dis)satisfaction 

(ranging from complete dissatisfaction to zero dissatisfaction, and from zero satisfaction to complete 

satisfaction). Specific categories of requirements are depicted as curves within coordinate system (Figure 3). 

Categorization of quality attributes using frequency & evaluating significance using Fong’s test 

The first technique of analysis was to create a tabular summary of the frequency of quality categories (i.e., 

A, M, etc.) for each of LAD features. The table contains the most frequent student category (a) and the second 

most frequent student category (b), as well as the Fong test results (Fong, 1996) for each feature. Fong test 

was applied to assess whether the attributed Kano category (i.e., the category with the highest frequency of 

student responses) was statistically significant. How Fong test was calculated is shown in Eq. (1). For n 

responses, if the inequality was untrue, then the category was a significant statical classification (Fong, 1996). 

𝑎 − 𝑏 < 1.65 ∗ √
𝑎+𝑏∗(2𝑛−𝑎−𝑏)

2𝑛
. (1) 

From the first technique, we acquire a categorization for designers. To assess the categorization of LADs, 

another technique of analysis can be applied. 

Categorization of quality attributes using category strength scores & stated importance scores 

The second technique of analysis was to create a tabular summary of classification agreement, category 

strength (CS; Eq. [2]), total strength (TS; Eq. [3]), and the average score on students’ self-reported importance 

(scored 1-9) for each of LAD features. The classification agreement is the percent frequency of the category 

with the highest frequency. Eq. (2) is defined, as follows: 

𝐶𝑆 = 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 𝑚𝑜𝑠𝑡 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑡 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦 − 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 2𝑛𝑑 𝑚𝑜𝑠𝑡 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑡 𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑦. (2) 

Eq. (3) is defined, as follows: 

𝐶𝑇𝑆 = 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 𝑎𝑡𝑡𝑟𝑎𝑐𝑡𝑖𝑣𝑒 + 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 𝑜𝑛𝑒 − 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 +

𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 𝑚𝑢𝑠𝑡 − 𝑏𝑒. 
(3) 

 

Figure 3. Kano model (Kano et al., 1984) 



 

Tretow-Fish & Khalid 

8 / 17 Contemporary Educational Technology, 16(2), ep496 

 

(Löfgren, 2005). If CS>5%, the feature unmistakably belongs to its classification. If TS>50%, we interpret 

LAD feature as important to the respondents. If TS<50% there was insufficient evidence for the feature to be 

considered useful (Löfgren 2005).  

Categorization of quality attributes using “better” & “worse” scores 

The third technique of analysis is a sorting of the prioritized list according to either the ‘worse’ scores (Eq. 

[4]) or ‘better’ scores (Eq. [5]) in combination with the stated importance of users. This ranked list makes it 

possible to emphasize what is most important for the specific designer’s’ design process (lowest ‘worse’ scores 

or highest ‘better’ scores). 

Calculating the features’ ‘worse’ scores (Eq. [4]) and ‘better’ scores (Eq. [5]) were done to present them as 

numerical values in the table. Eq. (4) is defined, as follows: 

𝑊𝑜𝑟𝑠𝑒 =
𝑂+𝑀

𝐴+𝑂+𝑀+𝐼
. (4) 

Eq. (5) is defined, as follows: 

𝐵𝑒𝑡𝑡𝑒𝑟 =
𝐴+𝑂

𝐴+𝑂+𝑀+𝐼
. (5) 

The ‘worse’ score indicates the degree to which an LAD feature contributes to dissatisfaction, while the 

‘better’ score indicates the degree to which the same feature contributes to satisfaction (Berger et al., 1993, 

p. 18). The maximum value for ‘better’ and ‘worse’ scores is 1, where 1 indicates a high impact on customer 

satisfaction, and 0 indicates a minor impact (Matzler et al., 1996). While CS and TS extends the options of 

designers to assess the categorization’s strength and reliability the presentation of the better-worse scores in 

a numerical format is not as accessible. The following technique leaves a decision to be made by the designer 

as to what is most important for the design decision-making process. 

Categorization of quality attributes by “better” (y-axis) & “worse” (x-axis) score plotting 

In the fourth technique, a combination of both ‘better’ and ‘worse’ scores is explored. 

The fourth technique of analysis displayed the ‘better’ and ‘worse’ scores in a graphical representation. In 

this representation, ‘worse’ was plotted on the x-axis and ‘better’ was plotted on the y-axis. This better-worse 

plot enables the features to be mapped visually into the four categories ‘attractive’, ‘one-dimensional’, 

‘indifferent’, and ‘must-be’. While the better-worse plot enables an alternate computation of categorizing 

LADs, it does not contain the assessment of uncertainty related to the categorizations. This will be included 

in the fifth analysis technique. 

Categorization by calculating & plotting functional & dysfunctional weighted average scores 

The fifth technique of analysis applied an alternative approach to the conversion of student responses 

into Kano categories. Looking at previously given example of the student response conversion, if a student 

responded ‘like’ to a feature’s functional question, the ‘like’ response is converted to its numerical value of 

four. If the same student responded ‘dislike’ to the dysfunctional question, this response is converted to its 

numerical value of -2. For each of the features, the students’ responses to the functional (Y) questions were 

added together, as were the students’ responses for the dysfunctional (X) questions (Berger et al., 1993). The 

numerical values for the functional and dysfunctional questions were then used to create a tabular summary. 

The table contains the Xave (dysfunctional attribute; Eq. [6]), Yave (functional attribute; Eq. [7]), Wave (perceived 

importance of each feature; Eq. [8]), Xwave (weighted importance of dysfunctional attribute; Eq. [9]), Ywave 

(weighted importance of functional attribute; Eq. [10]), XSD (SD of the dysfunctional attribute; Eq. [11]), and YSD 

(SD of the functional attribute; Eq. [12]). Eq. (6) is defined, as follows: 

𝑋𝑎𝑣𝑒 =
∑ 𝑋𝑖𝑗𝑖

𝑁
. (6) 

Eq. (7) is defined, as follows: 

𝑌𝑎𝑣𝑒 =
∑ 𝑌𝑖𝑗𝑖

𝑁
. (7) 

Eq. (8) is defined, as follows: 
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𝑊𝑎𝑣𝑒 =
∑ 𝑊𝑖𝑗𝑖

𝑁
. (8) 

Eq. (9) is defined, as follows: 

𝑋𝑤𝑎𝑣𝑒 =
∑ 𝑊𝑖𝑗∗𝑋𝑖𝑗𝑖

∑ 𝑊𝑖𝑗𝑖
. (9) 

Eq. (10) is defined, as follows: 

𝑌𝑤𝑎𝑣𝑒 =
∑ 𝑊𝑖𝑗∗𝑌𝑖𝑗𝑖

∑ 𝑊𝑖𝑗𝑖
. (10) 

Eq. (11) is defined, as follows: 

𝑋𝑆𝐷 =
∑ |𝑋𝑗−𝑋𝑎𝑣𝑒|2

𝑖

𝑁
. (11) 

Eq. (12) is defined, as follows: 

𝑌𝑆𝐷 =
∑ |𝑌𝑗−𝑌𝑎𝑣𝑒|2

𝑖

𝑁
. (12) 

From tabular summary a plot is produced, where uncertainty of categorizations is included in visualization. 

Ethical Procedures 

Prior to commencement, participants were briefed on the study’s objectives and requirements. Voluntary 

participation was emphasized, with clear communication regarding the expected time commitment and the 

option to withdraw at any point. Responses were collected, anonymized, and kept confidential within the 

research group, ensuring participant privacy and data protection. 

RESULTS 

The results in this section present five tabular and graphical analysis techniques by applying Kano’s two-

factor method for evaluating users’ (i.e., students’) perceived usefulness of LAD features of an ALP. This 

demonstration also includes prioritizing the features with decision-making dilemmas rather than presenting 

the features’ scores. One student’s response was excluded by the researchers because all features were 

categorized by Kano method to be “questionable” making the students’ response unusable. To assess the 

internal consistency and reliability of the Kano questionnaire Cronbach’s alpha was calculated to be 0.82 

leaving us with a very good reliability of the instrument. 

Categorization of Quality Attributes Using Frequency & Evaluating Significance Using 

Fong’s Test 

The first technique is to categorize each of the features by applying Table 1 and calculate the significance 

of the categorization, as shown in Table 1. Here, we show how the students’ responses are grouped into the 

A, M, O, R, Q, and I categories. Table 1 shows LAD features’ category and Fong test results to evaluate whether 

features attain significance for this categorization. This is only attained by No. 11 and No. 12. Solely using the 

most frequent response for classification does not give the possibility of evaluating how distinct a category is 

compared to LADs or to what extent respondents perceive the importance of the features of LAD.  

Categorization of Quality Attributes Using Category Strength Scores & Stated Importance 

Scores 

The second technique enables the designer to apply a different approach to assess the importance and 

category strength. In Table 1, classification is derived from ‘most frequent response (a)’. Newly added columns 

in Table 1 are category strength (CS), total strength (TS), ‘better’, ‘worse’, and average stated importance. These 

columns are described in the method section. In Table 1, evaluating whether a LAD feature fulfils the TS and 

CS criteria, a LAD feature needs CS>5% and TS>50% (see Eq. [2] and Eq. [3]). The criteria are fulfilled by feature 

No. 2, 4, and 10, which are classified as attractive (A), indifferent (I) and one-dimensional (O), respectively. The 

three features fulfil the CS and TS criteria and enable classifying into reliable categories. As opposed to the 

first technique, the features with reliable classification are non-overlapping due the differences in the 

numerical methods.  
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Prioritization of Quality Attributes Using “Better” & “Worse” Scores 

The third technique includes decision-making based on ‘better’ & ‘worse’ scores, as presented in Table 2.  

The subsequent application of Eq. (4) and Eq. (5) for calculating ‘better’ and ‘worse’, along with the ‘average 

stated importance’, are useful and reliable only for the three features. To assess ‘better’ and ‘worse’ scores, 

you rank it either according to the highest ‘better’ score or according to the lowest ‘worse’ score. Evaluating 

this ranking of each LAD feature will be a combination of the highest ‘better’, lowest ‘worse’, and highest 

importance scores. The prioritization here depends on the evaluator’s opinion based on the better and worse 

scores (Berger et al., 1993). For the three features identified, No. 2, 4, and 10, the prioritization from the 

tabular presentation would be to first focus on 2, then 10, and lastly, 4. 

The ‘better’ scores indicate that satisfaction will be increased by providing the (attractive and one-

dimensional) elements and ‘worse’ numbers indicate that satisfaction will be decreased if these (one-

dimensional and must-be) elements are not included. Therefore, only feature 2 (A) and 10 (O) are the distinctly 

identifiable, including the highest ‘average stated importance’, while feature 4 with classification indifferent, 

may cause dissatisfaction (worse score -0.50) if it is not included. 

Table 1. Significance of categorization 

No Dashboard name A M O R Q I MFR (a) SMFR (b) |a-b| 1.65*sqrt[(a+b*[2n-a-b]/2n)] Test  

1 History element 6 0 2 1 1 6 A (6) I (6) 0< 4.19 No 

2 Table of contents 7 1 4 0 0 4 A (7) O (4) 3< 4.16 No 

3 Progression overview 2 1 4 1 1 7 I (7) O (4) 3< 4.16 No 

4 Assessment of own level 2 3 5 0 0 6 I (6) O (5) 1< 4.16 No 

5 My progress 5 0 2 2 1 6 I (6) A (5) 1< 4.16 No 

6 How sure am I 5 0 3 1 1 6 I (6) A (5) 1< 4.16 No 

7 Read aloud 1 1 4 3 0 7 I (7) O (4) 3< 4.16 No 

8 Learn more 3 0 4 2 1 6 I (6) O (4) 2< 4.09 No 

9 Break recommendations 3 1 2 3 1 6 I (6) A (3) 3< 4.00 No 

10 Text formatting 2 0 7 1 0 6 O (7) I (6) 1< 4.21 No 

11 Metacognition 2 0 3 2 0 9 I (9) O (3) 6< 4.19 Yes 

12 Library 3 0 3 1 0 9 I (9) O (3) 6< 4.19 Yes 

13 Progression 2 0 5 1 0 8 I (8) O (5) 3< 4.21 No 

Note. MFR: Most frequent response; SMFR: Second most frequent response; & T: Significant Kano categorization according 

to Fong test; A: Attractive; M: Must-be; O: One-dimensional; R: Reverse; Q: Questionable; I: Indifferent; & to determine 

category when scores are equally distributed, prioritization falls in order must-be>one-dimensional>attractive>indifferent 

(Berger et al., 1993) 

Table 2. Average stated importance 

No Classification Classification agreement CS TS Better Worse Average stated importance 

1 A A (35.29) & I (35.29) 0.00% 47.06% 0.57 - 0.14 4.65 

2 A 41.18 17.65% 70.59% 0.69 - 0.31 5.35 

3 I 41.18 17.65% 41.18% 0.43 - 0.36 4.24 

4 I 35.29 5.88% 58.82% 0.44 - 0.50 4.65 

5 I 35.29 5.88% 1.18% 0.54 - 0.15 4.76 

6 I 35.29 5.88% 47.06% 0.57 - 0.21 4.41 

7 I 41.18 17.65% 35.29% 0.38 - 0.38 4.24 

8 I 35.29 11.76% 41.18% 0.54 - 0.31 4.65 

9 I 35.29 17.65% 35.29% 0.42 - 0.25 4.12 

10 O 35.29 5.88% 52.94% 0.60 - 0.47 5.47 

11 I 52.94 52,94% 29.41% 0.36 - 0.21 4.06 

12 I 52.94 35,29% 35.29% 0.40 - 0.20 4.24 

13 I 47.06 17.65% 41.18% 0.47 - 0.33 4.24 
 



 

 Contemporary Educational Technology, 2024 

Contemporary Educational Technology, 16(2), ep496 11 / 17 

 

Categorization & Prioritization of Quality Attributes by “Better” (Y-Axis) & “Worse” (X-Axis) 

Score Plotting 

Even though not all features have sufficient CS and TS, Figure 4 demonstrates the use of plotting the 

‘better’ and ‘worse’ scores as X and Y coordinates for mapping, categorizing, and prioritizing the features into 

attractive, one-dimensional, indifferent, and must-be.  

Deciding from the plot, the order of prioritization is must-be>one-dimensional>attractive>indifferent 

(Berger et al., 1993). So, LADs are classified into one of four quadrants, where they can be placed in order of 

importance going from quadrant IV (LADs 3, 4, 7, and 13), I (LADs 2, 8, and 10), II (LADs 1, 5, and 6), and III 

(LADs 9, 11, and 12) (Berger, 1993). Plotting with ‘better’ and ‘worse’ gives a more nuanced classification of 

LADs, which can be further nuanced by adding the stated importance of each LAD. Either visually with color-

coding of LADs in the plot or by adding the stated importance score in the plot. Plotting with ‘better’ and 

‘worse’ as a method for visualizing results gives a visualization and a categorization of results, but not a visual 

way of determining whether categorizations are correct, the uncertainty of the results, or a way to evaluate 

how important each feature is for the students. To meet these requirements, we now apply the fifth 

technique.  

Categorization & Prioritization by Calculating & Plotting Functional & Dysfunctional 

Weighted Average Scores 

In the fifth technique, for the same calculation of scores in Table 3 based on the responses, there are two 

different plotting techniques for decision-making with nuanced interpretation. For calculating the 

dysfunctional weighted average (Xwave), functional weighted average (Ywave), and their corresponding standard 

deviations (YSD & XSD), the total score of each of the quality attributes or LADs and the total perceived 

importance scores (W) are applied with the formula shown in the methods section.  

Taking the values of the Xwave (dysfunctional weighted average) and Ywave (functional weighted average), 

the Kano Xwave-Ywave plot (Figure 5) enabled categorizing LADs into four categories, which are attractive, must-

be, one-dimensional, and indifferent. Although only LADs 2, 4, and 10 are acceptable, all LADs are shows on 

the plot.  

Berger et al. (1993) explain that the limits of the plot should be from 0 to 4 on both axes since questionable 

(Q) classifications are sorted out of the data and classifications should, therefore, not have a significant impact 

on the data. Berger et al. (1993) also explains that adding error bars to scores visualizes uncertainty related 

to each score. The uncertainty is visualized by adding ±XSD as a horizontal line from the coordinates and ±YSD 

as a vertical line.  

 

Figure 4. Kano better-worse plot (Khalid et al., 2008) 
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Figure 6 shows the plotting of the perceived importance scores for LADs 2, 4, and 10 including error bars 

to the plot, which give a notion of how off-target the categorizations are. While Figure 5 plot sets the 

coordinates based on the scores, Figure 6 shows the 0-4 normalized plotting of the three LADs that fulfil the 

CS and TS criteria. The three LADs are attractive for the students. 

Overview of Results Based on Five Techniques  

An overview of the categorization and prioritization of LADs based on the different numerical, tabular and 

graphical methods are shown in Table 4. Only technique 5 takes the stated importance into consideration for 

each of the quality attributes or LADs. The first technique results the list of features with significant Kano 

categorization according to Fong’s test, resulting only LADs 11 (metacognition) and 12 (library) to have reliable 

categorization, which is one-dimensional (indifferent). Even with higher number of respondents, the 

categorization may have similarly low number of features with significant Kano categorization.  

Table 3. Calculation of scores 

No Y=Functional X=Dysfunctional W=Importance Yave Xave Wave Ywave Xwave YSD XSD 

1 32 6 79 1.88 0.35 4.65 2.51 0.13 2.39 1.77 

2 44 -9 91 2.59 -0.53 5.35 3.32 -0.65 2.09 1.33 

3 22 -8 72 1.29 -0.47 4.24 2.06 -0.72 2.34 1.66 

4 27 -14 79 1.59 -0.82 4.65 2.15 -0.78 2.29 1.42 

5 19 4 81 1.12 0.24 4.76 1.83 0.74 2.60 1.71 

6 40 8 75 2.35 0.47 4.41 3.04 0.00 2.03 1.94 

7 24 0 72 1.41 0.00 4.24 2.36 -0.50 2.32 2.00 

8 26 8 79 1.53 0.47 4.65 2.43 0.13 2.50 2.18 

9 20 15 70 1.18 0.88 4.12 2.21 0.54 2.42 2.29 

10 34 -4 93 2.00 -0.24 5.47 2.88 -0.60 2.35 1.99 

11 13 4 69 0.76 0.24 4.06 1.51 0.06 2.28 1.86 

12 20 -2 72 1.18 -0.12 4.24 1.89 -0.06 2.24 1.32 

13 24 -6 72 1.41 -0.35 4.24 1.94 -0.31 2.40 1.46 
 

 

Figure 5. Kano Xwave-Ywave plot for categorization of LADs (inspired by Berger et al., 1993, p. 20-23) 
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According to the protocol, for the subsequent techniques, the rest of LADs or quality attributes should be 

excluded. However, for the demonstration of the subsequent techniques 2-5, the exclusion process was 

ignored. There is a development throughout the techniques towards higher nuance and complexity, going 

from the first to the fifth techniques and, thereby, a need for more responses. In choosing the right technique, 

designers must also keep in mind what their needed level of complexity is regarding the amount of data they 

can attain. Therefore, based on learners’ perception towards to availability and unavailability of each of LADs 

and the stated importance (on a scale of 1 to 10), the prioritization of LADs can be calculated with some build-

in validation techniques. In the case of Rhapsode ALP, with the different Kano theory techniques, it is possible 

to prioritize LAD features, giving feedback to designers on how to develop an ALP. 

DISCUSSION & CONCLUSIONS 

Theoretically, this paper demonstrates the application of Kano method as five inter-related techniques, as 

a way of prioritizing features of an ALP’s LAD for designers. Thus, results from the five techniques can supply 

designers, e-learning specialists, software developers, and educational managers with more actionable 

feedback than usability and user experience methods. Subsequently, Kano theory techniques can also be 

preferable to self-developed questionnaires, which require pilot-testing and internal consistency validation of 

responses. In practice, management roles in educational institutions, e-learning professionals, software 

developers, and researchers can apply the five-step Kano method for systematically exclude 

features/functionalities based on reliable users’ responses. This paper demonstrates the application of the 

method in the case of perceived usefulness of LADs of an ALP, but the protocol can be applied in the case of 

any product or service. Multiple reliability techniques are demonstrated for informed exclusion of features by 

applying Cronbach’s alpha, Fong test, category strength and total strength, numerical and visual analysis of 

the scores. In the case of the nursing students using the RhapsodeTM ALP, only two of the 13 LADs could be 

reliably categorized as indifferent. Ignoring the Fong’s test-based significance scores for categorization, only 

three of 13 LADs could be shown with normalized plotting and depicting of uncertainty of categorization, 

which are (#2) table of content, (#4) assessment of own level, (#10) text formatting–as attractive features.  

 

Figure 6. Kano Xwave-Ywave plot of 2, 4, & 10 (inspired by Berger et al., 1993) 
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Ensuring an adequate number of responses is a recognized concern in Human-Computer Interaction 

research. The recommended number of participants, ranging from five to sixty, depends on factors such as 

research method, design phase, and user information sought (Baxter et al., 2015). Failure to meet user 

participation requirements introduces uncertainty, but the Kano two-factor method techniques presented in 

this study address uncertainty by revealing uncertainties related to the number of user responses, enhancing 

their applicability. Witell et al. (2013) reviewed studies (n=147) on the application of Kano method, where they 

found that: “almost all empirical investigations [...] simply count the number of responses in a certain quality 

dimension” (Witell et al., 2013, p. 14) and thereby not using methods of testing the reliability of the 

categorization. This study applies Fong’s test for reliable categorization and shows that only two of 13 LADs 

could have reliable categorization using small samples size (n=17).  

This enables a nuanced assessment of users’ sentiments towards the design, and in the case of LAD 

prioritization design, Kano method techniques provide multiple ways of prioritizing the design of LAD. 

Furthermore, from the ‘average stated importance’ we can attain that students overall did not see any of LADs 

as being very important as all LADs average score range was between 4.12-5.47 on a Likert scale of 9. 

Recommendation for future work consists of expanding the application of Kano method with perceived 

usefulness, and perceived ease of use from technology acceptance model in the domain of ALPs and LADs to 

assess both ease of use as well as the usefulness of the technologies alongside the prioritization on perceived 

usefulness of Kano method. This combination might further develop the understanding of theory behind 

Kano method, as requested by (Witell et al., 2013).  

Empirical experimental research can be conducted by increasing sample size and by built-in simulation in 

R/Python or other statistical simulation tools for analyzing the change in the pattern. Moreover, change in the 

categorization of LADs analyzed by increasing the number of dashboards, and test the differences by 

grouping LADs in sub-categories. Future research in higher education context should consider two central 

limitations experienced in this research and devised strategies as an attempt to circumvent. First, this large-

scale funded project was flagged as increasingly interacting with the students resulting in increased time 

spent that are not immediately value-adding for their learning and the project team were allowed very limited 

interaction. Secondly, we hypothesize that the Nordic region's higher individualism and autonomy, as 

suggested by Hofstede (2024), might have resulted in a low response rate. Simulation can be considered as a 

potential approach to address the issue. 
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summarizing findings. All authors approved the final version of the article.  
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Table 4. An overview of categorization & prioritization of LADs 

Techniques Results of each technique 

1. Categorization of quality attributes using 

frequency & significance using Fong’s test 

Significant categorization through Fong test of LAD 11 

(metacognition) & 12 (library) 

2. Categorization of quality attributes using category 

strength scores & stated importance scores 

Distinct categorization through category strength (CS) & total 

strength (TS) of LAD 2 (table of content), 4 (assessment of own 

level), & 10 (text formatting) 

3. Prioritization of quality attributes using “better” & 

“worse” scores 

Priority of previous LADs in following order 2 as attractive (A), then 

10 as one-dimensional (O), & lastly, 4 as indifferent (I) 

4. Categorization of quality attributes by “better” (y-

axis) & “worse” (x-axis) score plotting 

Categorization & prioritization of LADs in categorise of 4 must-be 

(M), 10 (O), 2 (O), without normalized plotting 

5. Categorization by calculating & plotting functional 

& dysfunctional weighted average scores 

Categorization and prioritization of LADs in categorise of 4 (A), 10 

(A), 2 (A), with normalized plotting & depicting of uncertainty of 

categorization 
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stored for as long as the NurseEd project is still ongoing (ends in 2024) and personel and private data is neither collected 

or stored on the participants. 
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