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Abstract 

According to the Felder and Silverman Learning Styles Model (FSM), students have learning preferences regarding 
how information is obtained, processed, perceived and understood. The Index of Learning Styles (ILS) is an online 

questionnaire created by Felder and Soloman to classify students according to their learning styles. With a priori 

knowledge of students' learning styles, one might hypothesize that the instructor could adapt his/her class to support, 

and even improve, students’ learning. Still, one question that remains open is whether it is possible to individualize 

the FSM, i.e., if students of determined learning styles perform different (better or worse) on questions mapped to 

different styles.  In this work, we assessed the correlation between students' performance and their learning styles in 

an Introductory Physics course. We designed a Learning Styles Classification Method (LSCM) and implemented it 

online (LSQuiz) to predict individual students’ performance on pre-class questionnaires (N = 63). We found that, in 

general, the ability of the ILS to predict individual student performance on pre-class questionnaires was not better 

than random, with no significant correlation between students' performance and their learning styles, indicated by a 

Pearson’s correlation coefficient of 0.54. Nevertheless, when independently analyzing the learning styles dimensions, 

we have identified heterogeneous data between the dimensions, with a greater correlation in the Sequential-Global 

dimension, with a 0.76 coefficient, followed by a coefficient of 0.50 in the Visual-Verbal and 0.35 in the Sensory-

Intuitive. We found, however, that the results related to the Sequential-Global dimension are not supported by the 

internal consistency of that dimension in the ILS (Cronbach’s alpha of 0.30). We conclude suggesting that the adoption 

of customized learning practices in the Visual-Verbal dimension have potential and could be the focus of further 

studies. 
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INTRODUCTION 

As explained by Önder & Silay (2016), each person has his/her own way or preferred way of 

learning, like watching, listening or even touching. These differences are determined by what is 

defined in literature as learning styles. Several learning styles models were developed to explain 

and document such learning particularities, such as the Hall and Moseley (2005) model, the VAK 

(Visual, Auditory and Kinesthetic) model (Geake, 2008), the Kolb model (Kolb, 1981), the Dunn, 

Dunn and Freeley model (1984), the Herrmann (2000) model and the Felder & Silverman (1988) 

model. 

Also, Önder & Silay (2016) defend that these differences – i.e., the learning styles – must be 

considered to support an effective learning environment.  In the fields of Physics Education 

Research (PER), several initiatives have been conducted to study the impact of learning styles in 

the students’ learning.  

For example, Önder & Silay (2016) organized a study related to the adoption of the 

cooperative learning approach, supported by learning styles, in college physics classes. The 

researchers divided the students into groups composed of students of different learning styles 

(experimental group) and students with different academic grades (control group). Results indicate 

that students in the experimental group had a better performance than the control group.  

In the same vein, Larkin (2000), Larkin & Budny (2000) and Larking & Budny (2003) 

proposed teaching approaches and learning techniques supported by learning styles for 

introductory physics courses, with positive impact in students’ interest and motivation to learn. 

Bawaneh, Zain & Saleh (2011) investigated the effects of learning styles approaches – 

specifically, the Herrmann While Brain Teaching Method (Herrmann, 2000) – over conventional 

teaching in electric circuits classes. When compared to the control group, students related to the 

learning styles approach had a better understanding of the topic than the other students, therefore 

suggesting the adoption of learning styles approaches in higher education curricula and textbooks. 

Additionally, there are initiatives to employ educational strategies supported by learning 

styles to secondary level physics education, as proposed by Zajacova (2013). 

 

The Felder & Silverman Model 

Among all existing learning styles models, one that stands out – both for theoretical 

foundation and adoption in literature – is the Felder & Silverman (1988) model. The Felder and 

Silverman model (FSM) supports the idea that each student has learning preferences related to 

how information is obtained, processed, perceived and understood. The approach to assessing 

students' preferences was proposed some years later (Felder & Soloman, 2015), based on an online 

questionnaire known as Index of Learning Styles (ILS) (Felder & Soloman, 2000).  

The ILS is composed of 44 questions that aim to classify students according to four learning 

styles dimensions: 1) from Sensory to Intuitive; 2) from Visual to Verbal; 3) from Sequential to 

Global, and 4) from Active to Reflective. As stated by its authors (Felder & Soloman, 2000), every 

year hundreds of thousands of people answer the ILS questionnaire.  

According to Felder and Spurlin (2005), the goal of the FSM is to “capture the most 

important learning style differences among (...) students and (to) provide a good basis for (...) 
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instructors to formulate a teaching approach that addresses the learning needs of all students”. The 

authors (Felder & Spurlin, 2005) also mention they do not believe that the ILS should be used to 

predict the students’ performance individually, as the learning styles would reflect only 

preferences. This is supported by the empirical study performed by Zwanenberg, Wilkinson & 

Anderson (2000), which analyzed the correlations between the ILS dimensions and the students’ 

grades (end-of-year performance data), not finding statistical significance.  

For instructors, however, the opportunity to employ the ILS information to deliver the 

content to each student that best fits his/her learning styles could represent an exciting approach. 

For example, problems with pictures and diagrams could improve learning from a student who is 

predominantly visual. Similarly, a student who is predominantly sequential would consider easier 

to learn through a sequence of small exercises, each one addressing a particular topic. As explained 

by Larkin & Budny (2003), the need to identify individual learning styles through formal 

assessment has never been more important than it is at present. 

Thus, even if studies like Zwanenberg, Wilkinson & Anderson (2000) point out that there is 

no correlation between the learning styles and the students’ final grades, a still open question is 

whether students of a certain learning style will perform better on questions of that same 

style. If true, specific and individual active learning practices could be designed, providing 

customized content and exercises to these students (e.g. focusing on questions compatible to their 

learning styles, or the opposite, in learning styles that students are not accustomed to, forcing them 

out of the comfort zone). 

Also, even if one assumes that it is possible to use the students' ILS data to deliver 

individualized content to each student, this approach might not enhance the learning process at all. 

Therefore, it might be relevant to question whether there might be a correlation between the 

students’ performance on questions associated with each style and their own learning styles.  

In this study, we analyzed whether students’ performance could actually be improved by 

delivering individual content based on each student's learning style, as measured by the ILS. We 

argue that for the ILS to be useful in this scenario, it must predict the performance of students 

when confronted with different types of questions. Our hypothesis is that students would have a 

better performance when dealing with questions related to their own learning styles preferences. 

The experiment was performed with students enrolled in an undergraduate Introductory 

Physics course. The course was designed based on the Active Learning approach (Bonwell & 

Eison, 1991; Chickering & Gamson, 1987; Caceffo, Rocha & Azevedo, 2011) which employs 

several techniques to motivate students’ collaboration, participation, and motivation. Specifically, 

we employed Peer Instruction (PI) (Araujo & Mazur, 2013; Watkins & Mazur, 2013; Zingaro & 

Porter, 2014; Caceffo, Gama & Azevedo, 2018), a method that applies Just in Time Teaching 

principles, asking students to study in advance the lesson content, answering and submitting an 

online quiz before each class (Novak & Patterson, 2004). Instructors can thus analyze in advance 

the answers, adjusting their classes to meet students’ needs.  

We consider that if there is a correlation between students’ learning styles and performance, 

it would also be possible to extend the Active Learning approach and some of its techniques (as 

PI) and systems, as the LSQuiz (Caceffo & Azevedo, 2014), to individually support learning styles 

features. This would also be in line with the emerging Ubiquitous Computing (Weiser, 1999; 
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Caceffo & Rocha, 2011; Caceffo & Rocha, 2012) field, that advocates a more pervasive and 

personalized way of the interaction with technology.  

This paper is organized as follows: the next section describes the Related Work, focusing 

on  studies about the Felder & Silverman Model, and also arguing that the ILS’s internal 

consistency cannot be considered fully established by existing art; then in the subsequent section 

we detail our experimental Methodology; the following section presents the Results obtained for 

both extrinsic consistency measure and internal consistency measures and; finally, we have the 

Discussion and Conclusions section, which discusses the results and points future directions.  

 

Related Work 

The Felder and Silverman Model (FSM) suggests that students’ learning styles may be 

measured along four independent dimensions: 1) the information perception dimension (which 

ranges from Sensory to Intuitive); 2) the sensorial input dimension (Visual-Verbal); 3) the scope 

of understanding (Sequential-Global), and; 4) the processing preference (Active- Reflective). For 

each dimension, students can be classified into one of the two possible learning styles, according 

to their learning preferences. In addition, Felder & Silverman (1988) suggest a teaching style for 

each dimension by describing how instructors could perform to outreach different types of 

learners.    

One shortcoming of the model is that its descriptions are general and subjective, which poses 

challenges in applying the FSM to specific teaching practices, such as the pre-class questionnaires 

of Active Learning environments (Araujo & Mazur, 2013; Watkins & Mazur, 2013; Novak & 

Patterson, 2004). For example, the criteria to classify a question between abstract or concrete are 

neither detailed nor accurate. The same problem arises with questions with diagrams, which might 

not necessarily be classified as visual. Because FSM rules are contingent on subjective 

interpretation, different subjects might disagree on the classification of the same question, which 

raises doubts about its applicability and validity. 

The FSM reliability, specifically its internal consistency, is also a problem. Felder & 

Soloman (2000) developed an online questionnaire known as the Index of Learning Styles (ILS). 

The ILS is composed of 44 questions, divided into four groups of 11 questions each. The ILS 

attempts to measure the preference expressed by students along the four dimensions of the FSM. 

As mentioned by Felder & Spurlin (2005), several studies have been gathering and analyzing data 

from the ILS questionnaire. The ILS internal consistency is usually measured by the Cronbach’s 

alpha. 

Table 1, which was compiled by Litzinger, Lee, Wise & Felder (2005), shows that the 

Cronbach’s alpha reported in the literature for the ILS ranges from 0.41 to 0.77. Currently, there 

is no consensus in the literature about whether or not these values indicate internal consistency. 

As pointed by Lance, Butt & Michels (2006), studies involving Cronbach’s alpha usually quote 

previous studies (Nunally, 1978) to justify a minimum alpha of 0.70. Lance et al. (2006) propose 

a cut-off of 0.7 as a “rule of the thumb” for the early stages of research, while 0.8 is indicated for 

later stages of basic or applied research. Even more strict values could be required for real-world 

applications. Because of that, Zwanenberg, Wilkinson & Anderson (2000) support that the ILS has 
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low internal reliability and suggest using the questionnaire to assist students in becoming aware of 

their learning preferences, and not beyond that point.   

 

Table 1.  Cronbach’s alpha of ILS for each dimension of FSM, as reported by five independent studies, 

and compiled by Litzinger et al. (2005). Only 5 out of 20 values are above 0.7 (indicated in bold), the 

minimum acceptable alpha suggested by many researchers. All values are below 0.8 

Source Active- 

Reflexive 

Sensory- 

Intuitive 

Visual- 

Verbal 

Sequential- 

Global 

N 

(Litzinger et al. 2005) 0.6 0.77 0.74 0.56 572 

(Livesay, Dee, Neuman & Hites, 2002) 0.56 0.72 0.60 0.54 242 

(Felder & Spurlin, 2005) 0.62 0.76 0.69 0.55 584 

(Zwanenberg et al., 2000) 0.51 0.65 0.56 0.41 284 

(Zywno, 2003) 0.60 0.70 0.63 0.53 557 

 

On the other hand, Tuckman (1999) proposes that while achievement tests must have a 

minimum alpha of 0.75, attitude tests are acceptable with alphas of 0.5 and above. Based on that 

opinion, Felder & Spurlin (2005), Litzinger et al. (2005) and Zymno (2003) argue for the internal 

consistency of ILS, with the argument that the alpha found in previous studies is within the attitude 

category.  

Our hypothesis is that, if the ILS has a minimally satisfactory internal consistency – at least 

in one of its dimensions – it would be possible to verify the existence of a correlation between the 

students' learning styles and their performance on questions classified/mapped to these styles. In 

this study, we propose the use of not only internal consistency measures but also an extrinsic 

consistency measure on how FSM predicts students’ performance in an Introductory Physics 

course. To accomplish that, we measured the ILS results against the actual performance of students 

when solving the PI’s pre-class questionnaires.  

 

METHODOLOGY  

As briefly explained on the previous section, to measure whether the FSM is a valid tool to predict 

the students’ performance in Introductory Physics courses, we compared the students’ learning 

styles through two different methods: the ILS questionnaire website (Felder & Soloman, 2000) 

and the LSQuiz (Caceffo & Azevedo, 2014). 

Figure 1 shows how the methodology employed in this study is organized. Briefly, the 

students’ learning styles identification through the ILS Questionnaire was a direct and almost 

immediate process, as Felder & Soloman (2000) have made available a website1 that automates 

this process. On its turn, on the LSQuiz front, we initially designed a Learning Styles Classification 

Method (LSCM), to formalize the classification process. Then a set of questions of an Introductory 

                                                 
1 Available at https://www.webtools.ncsu.edu/learningstyles/ Accessed: April 2019 

https://www.webtools.ncsu.edu/learningstyles/
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Physics course was classified through the LSCM. Finally, the students' performance in these 

questions allowed the LSQuiz to infer the students' learning styles. In the data analysis step, 

statistical techniques were employed to compare the learning styles identified through the ILS 

questionnaire and the LSQuiz. The interested reader can read Caceffo & Azevedo (2014) and 

Caceffo (2015) for more information on the statistical techniques employed for the identification 

of the learning styles. 

 

Figure 1. Methodology steps employed in this study  

 

The following subsections describe each one of the methodology steps. 

 

General Sample Data Information 

In order to perform the study, we recruited students from a first-year, calculus-based, Peer 

Instruction supported, Introductory Physics course at the University of Campinas2, Brazil. The 

course is mandatory for all freshman engineering and natural science students in the university. 

Topics covered in the course include Newton's laws, energy, and conservation of energy, systems 

of particles and dynamics of rigid bodies. The study was previously approved by the local Ethics 

Committee3, identification number 30245214.4.0000.5404.  

The Active Learning through Peer Instruction may support students’ learning of Physics 

courses (Novak & Patterson, 2004; Araujo & Mazur, 2013; Watkins & Mazur, 2013; Caceffo, 

Gama & Azevedo, 2018). In this context, students are required to complete reading assignments 

and answer online multiple-choice questions previous to class. The questions are used by 

instructors to adapt their class according to students’ needs, which involves choosing adequate 

conceptual tests to be discussed during class.  

Also, the course was chosen because its main audience is engineering students, and the FSM 

was initially developed to measure the learning styles of engineering students.    

Initially, we sent an email inviting all students enrolled in the course (N = 647) to participate 

in this research. They were informed their participation would be completely optional, not counting 

or interfering with the course grading, as well as no compensation, in any form, would be provided. 

                                                 
2 The course's name is "General Physics I". Additional information can be found (in Portuguese) at 

https://sites.ifi.unicamp.br/f128/ementa/  Accessed: April 2nd, 2019 
3 Available at https://www.prp.unicamp.br/pt-br/cep-comite-de-etica-em-pesquisa 

 Accessed: April 1st, 2019  

https://sites.ifi.unicamp.br/f128/ementa/
https://www.prp.unicamp.br/pt-br/cep-comite-de-etica-em-pesquisa
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In addition, students have informed the prerequisite for participation was the ability to read and 

understand texts in English. Overall, 63 students accepted to participate. 

 

Learning Styles Classification Method (LSCM) 

Related to the identification of students’ learning styles through the LSQuiz, we designed a 

Learning Styles Classification Method (LSCM) in order to minimize the influence of subjective 

interpretation of the FSM in this process, supporting a more formal and standardized process. 

In this study, 14 volunteers participated in the LSCM experiment. All volunteers were 

graduate students in either Computer Science (9) or Physics (5). The volunteers were recruited by 

email and did not receive any form of compensation for their participation. All of them had 

successfully completed the same Introductory Physics course at some time in their academic 

history. All volunteers from Physics were also teacher assistants (TAs) of that course.  

The experiment was performed in three sessions, with distinct participants in each one of 

them (i.e. each volunteer only participated in a single session). The first 2 sessions had 5 

participants each, and the 3rd session had 4 participants. Each session lasted around 2 hours each. 

Each LSCM session consisted of five steps:  

 

• S1 (Read): volunteers (N=14) were asked to read the original FSM paper (Felder & 

Silverman, 1988). Each participant received a printed copy of the paper and was able to 

make annotations on it;  

• S2 (Criteria Decision): volunteers filled out a form to indicate, based on their 

interpretation of the FSM, which criteria should be considered for the classification of 

questions along the four dimensions of learning styles;  

• S3 (Classification): volunteers classified a set of sample questions (N=53), extracted 

from the pre-class questionnaires. Volunteers were oriented to classify each question 

using the criteria defined in step S2; 

• S4 (Discussion): for each question, the results from each participant (i.e. how that 

question was classified) were presented and discussed. Any disagreement during 

classification was debated.  

• S5 (Revision): volunteers were asked to revise the classification made in step S3.  

 

Except for step S4, all steps were performed individually (i.e., without communication 

between participants). All 5 steps were mediated by a researcher (one of the authors of this work). 

Figure 2 shows the criteria form, adapted and translated to English4, used in step S2: 

 

                                                 
4 The actual criteria form was presented and filled by participants in the Portuguese language.    
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Figure 2. In step S2, volunteers filled a form to indicate the criteria they would consider appropriate to 

classify Introductory Physics questions by learning styles in the FSM 

 

Figure 3 shows an example of a question, adapted and translated to English5, used in step 

S3.  

 

 

 

                                                 
5 The actual set of questions was presented to participants in the Portuguese language.   
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Figure 3. A sample question to be classified by volunteers in the LSCM step S3. The volunteers were 
oriented only to classify the questions by learning styles (i.e. checking the proper learning styles on the 

right), therefore it was not expected or required to answer the questions – i.e. check choices a) to d) 

Pre-class Questions Classification 

A total of 181 pre-class questions adopted in the Introductory Physics course were classified 

by one of the researchers concerning their learning styles. The details of how this classification 

was performed are available in the Results section.  

 

ILS Questionnaire – Students’ Learning Styles Identification 

In this step, all participant students (N=123) received an email with 2 links: a) a link to the 

ILS Questionnaire website (Felder & Soloman, 2000) and; b) a link to a Google Forms spreadsheet, 

managed by the researchers of this work,  in which the students were oriented to input the feedback 

received after completing the ILS Questionnaire. Figure 4 shows a sample of the first 4 questions 

of the ILS Questionnaire (Felder & Soloman, 2000): 

 

 

 

Figure 4. Sample of the first 4 questions of the ILS Questionnaire (Felder & Soloman, 2000)6 

 

After completing the ILS Questionnaire, the system shows a feedback page indicating how the 

student is classified in each learning style dimension. For example, Figure 5 shows the feedback 

page for a student that would be classified as Active, Sensing, Verbal and Global. Then, he/she 

would input in the received data in the Google Forms spreadsheet, indicating, for each dimension, 

his/her learning style. 

 

                                                 
6 Retrieved from https://www.webtools.ncsu.edu/learningstyles/ Accessed: April 2nd, 2019. 

 

https://www.webtools.ncsu.edu/learningstyles/
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Figure 5. Example of the feedback received after completing the ILS (Felder & Soloman, 2000)7 

 

LSQuiz – Students’ Learning Styles Identification  

In previous work (Caceffo & Azevedo, 2014; Caceffo, 2015) we designed a Ubiquitous 

Classroom Response System (LSQuiz), implemented as a Moodle plugin (Moodle System, 2018). 

Moodle, a free and open-source learning management system, is adopted by many universities and 

courses around the world, including the Introductory Physics course in which this research was 

conducted. 

LSQuiz allows the instructor to submit quizzes to students, receiving back their answers and 

providing feedback. It also supports Ubiquitous Computing and collaboration between students, 

considering context factors like location and affinity among them (Weiser, 1999). Details of 

LSQuiz can be found in previous works (Caceffo & Azevedo, 2014; Caceffo, 2015). 

For this research, we added a feature on the LSQuiz supporting the classification of questions 

by the FSM learning styles. Figure 6 shows an example of this feature, adapted and translated to 

English8: 

 

 

 

Figure 6. LSQuiz feature related to the classification of questions by Learning Style in the Moodle System  

 

Also, with this feature, the LSQuiz can predict students' learning styles by analyzing the 

entire record of students’ answers. The prediction is based on the work of Latham, Crockett, 

                                                 
7 Retrieved from https://www.webtools.ncsu.edu/learningstyles/ Accessed: April 2nd, 2019. 

 
8 The actual implementation of the LSQuiz was in the Portuguese language.   

https://www.webtools.ncsu.edu/learningstyles/
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Mclean & Edmonds (2009) and Latham, Crockett, Mclean & Edmonds (2012), which describes 

the prediction of learning styles in conversational intelligent tutors based on the proportion of right 

answers in each style.  

The students’ learning styles, in each dimension, are calculated by LSQuiz as represented in 

Equation 1: 

 

𝐿𝑆 =
𝐶𝐴

𝑇𝐴
−

𝐶𝐵

𝑇𝐵
                (Equation 1)  

     

In Equation 1, LS is the learning style dimension, and CA and CB indicate the total number 

of right questions answered in each of the two opposite styles for that dimension, respectively. 

Similarly, TA and TB represent the total number of questions answered in those two possibilities. 

Therefore, the strength of each students’ learning style ranges from –1 to 1, being neutral (i.e., 

having no preference) at zero. 

As an example, consider a questionnaire with 9 questions, 5 being classified as Visual (TA 

= 5) and 4 classified as Verbal (TB=4). If a student correctly answered 4 Visual questions (CA=4) 

and 2 Verbal questions (CB=2), then the prediction of that student’s learning style on the Visual-

Verbal dimension will be 4/5 – 2/4 = 0.3, i.e., he or she would be slightly more Visual than Verbal.  

We first classified 181 multiple-choice questions on Moodle with the LSQuiz according to 

the LSCM criteria defined in the previous section. Then, we ran the LSQuiz to process the answers 

of 63 students enrolled in the course. The LSQuiz automatic prediction identified, for each student, 

his/her learning style in each dimension. 

Figure 7 shows an example of a student that, accordingly to the LSQuiz prediction, was 

classified as Sensitive, Verbal and Sequential. The figure design was purposely crafted to be 

similar to the ILS feedback screen (see Figure 3). 

 

 

 

Figure 7.  Example of a student’s learning styles prediction performed by the LSQuiz 

 

It is important to note, however, that although the LSQuiz is able to display in a user-friendly 

interface the predicted learning styles for a given student, the volunteers of this experiment did not 

visualize the feedback screen.  This occurred because the questions and data processing occurred 
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a posteriori, i.e., a few weeks after the students had answered in the Moodle system all the pre-

class questions. 

Data Analysis  

Overall, it was analyzed the proportion of students classified in each learning style through 

the ILS and by LSQuiz. Also, we performed an individual analysis, checking, for each volunteer, 

whether he/she was classified in the same style by both methods. 

 

ILS Internal Consistency – Independent Study 

In the previous subsections, it was explained that the volunteers were oriented to answer the 

original ILS questionnaire (Felder & Soloman, 2000) and then use a Google Form spreadsheet, 

managed by this work researchers, to input their learning styles data. 

Although this is a valid method to allow the comparison of the students' learning styles 

obtained through the ILS and LSQuiz, it does not support the analysis of the ILS internal 

consistency, i.e., if the students consistently answered the questions according to their styles. In 

order to proceed with such analysis, it would be required to know, individually, how each ILS 

question was answered. 

Moreover, the number of participants in the previous study (N=63) is much lower than the 

number adopted in the ILS internal consistency studies available in the literature, which ranges 

from 242 to 572, as described in Table 1.  

Therefore, it was decided to carry out a new and independent experiment (i.e. with another 

and larger group of students) to identify the internal consistency of ILS. Thus, all 1050 students of 

the subsequent semester of the Introductory Physics course were invited to participate and answer 

an online questionnaire similar to the ILS but managed by the researchers – so that it would be 

possible to keep tracking of each one of the answers. Overall, 123 students accepted the invitation. 

We initially assessed the ILS internal consistency by calculating the standard Cronbach’s 

alpha from each one of the 44 answers of the ILS questionnaire. We also followed previous studies 

in the literature (Michalos, 2014; Warrens, 2015; Heo, Namhee & Myles, 2015; Bamber & 

Manifold, 1978) to assess the ILS internal consistency through the Split-Half reliability test, which 

splits the questionnaire into 2 parts, checking the correlation among the answers. 

 

RESULTS  

Learning Styles Classification Method 

As expected, we found the FSM guidelines do not provide enough information for 

classification of the questions, which leaves classification subjective to classifier’s interpretation. 

Tables 2, 3 and 4 report the frequency of all criteria guidelines employed individually by all the 

14 volunteers during the LSCM experiment for the Sensory-Intuitive, Visual-Verbal, and 

Sequential-Global dimensions, respectively. We opted to not use the Active-Reflective dimension 

since this dimension should be related both to the students’ behavior and to the environment in 

which the questions are answered, and we could not access this information from an online 

questionnaire. Therefore, the Active-Reflective was not considered in the final mapping.  
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In some cases, different volunteers used distinct criteria to classify questions at the opposite 

ends of the same dimension. One example is the use of algebraic and numerical values in the 

Sensory-Intuitive learning style dimension (Table 2). Seven subjects interpreted that Sensory 

questions are those ones that use numerical values in its solving process, while two subjects 

associated the use of numbers to intuitive questions. After the discussion phase of the LSCM, 

volunteers agreed that it makes more sense to associate algebraic calculations (i.e., letters instead 

of numbers) to the Intuitive style and numerical calculations to the Sensory style. 

 

Table 2. Criteria chosen by the volunteers (N=14) on how to classify questions in the Sensory-Intuitive 

dimension, after reading Felder & Silverman (1988). Criteria indicated with [S] were selected to classify 

questions 

 

Dimension Criteria Total 

 

Sensory 

 

[S] Question has practical content. 11 

[S] The question-solving process requires numerical values. 7 

The question with a concise statement. 2 

Question statement with a large amount of data and information. 2 

Questions with a visual representation. 1 

The question that asks for exact results. 1 

Intuitive 

 

 

 

[S] Question has an abstract and theoretical content. 9 

[S] The question-solving process requires algebraic calculations. 6 

Question statement with a large amount of data and information. 3 

The question-solving process requires numerical values. 2 

Question statement with few and concise data. 2 

The question requires details (description of which content/knowledge is 

required) 
2 

The question with a global scenario. 1 

 

Specifically, concerning the Visual-Verbal dimension (Table 3), three volunteers believed 

that questions which lead students to draw graphs, pictures or images should be classified as 

Visual. Although this analysis is initially valid, it creates an additional issue because it depends on 

the classifier’s personal interpretation of the question. Thus, unless specifically said in the question 

statement, it is not possible for the classifier to know if the students will use charts or diagrams to 

answer the question.  
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Table 3. Criteria chosen by the volunteers (N=14) on how to classify questions in the Visual-Verbal 

dimension, after reading Felder & Silverman (1988). Criteria indicated with [S] were selected to classify 

questions 

 

Dimension Criteria Total 

 

Visual 

 

[S] Question statement with visual elements (graphs, drawings or images). 13 

The question-solving process leads students to draw graphs or images. 3 

More relevant information is through visual elements. 1 

Question without visual elements but with a visual scenario description. 1 

Verbal 

 

 

 

[S] Question with discursive (text) statements, not containing visual elements. 11 

Questions with formulas and equations. 3 

Questions with theorems. 1 

Questions with a detailed description. 1 

More relevant information is through textual elements. 1 

 

Finally, Table 4 shows how the volunteers classified the questions in the Sequential-Global 

dimension. Most of the participants stated that a sequential question should present linear thinking, 

with increasing difficulty (12 participants), also covering a specific part of the proposed content 

(8 participants). On its turn, a global question should cover a wide range of interrelated concepts 

(11 participants). In the discussion step participants also pointed out that, in order to do a proper 

classification of a question in this dimension, it would be required to consider not only that 

question but also the questions before and after it, thus analyzing the context and the difficulty 

progression of the questions. 

 

Table 4. Criteria chosen by the volunteers (N=14) on how to classify questions in the Sequential-Global 

dimension, after reading Felder & Silverman (1988). Criteria indicated with [S] were selected to classify 

questions 

Dimension Criteria Total 

 

Sequential 

 

[S] Question statement presents linear thinking with increasing difficulty. 12 

[S] Question covers a small, specific part of the proposed content. 8 

The question with sequential content. 3 

The question with a long description. 1 

The question with many dependent items. 1 

Global 

 

 

 

[S] Question covers a wide range and interrelating concepts. 11 

Question requires a holistic interpretation. 4 

Direct questions. 1 

The question with one unique/independent item. 1 

The question with a short description. 1 

The question that presents a formula (but it is not evident how to use it). 1 

The question with the template: "Complete the following phrase or 

statement:" 
1 
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Analysis of the individual classification shows that, even when the same criterion is heavily 

chosen by most subjects, the classification can still diverge. For example, 35 of the 53 questions 

available in the Visual-Verbal style diverged, despite the fact that more than 75% of the subjects 

used the same criteria for visual and verbal styles. In this specific example, the final mapping 

defined that questions that explicitly require the student to use a visual element in the solving 

process should be classified as Visual in order to minimize the classification subjectivity. In the 

absence of visual elements, the question should be classified as Verbal. 

Overall, the set of criteria chosen to classify questions were taken after analysis of the data 

gathered in the discussion step of the LSCM, and it is indicated by [S] in the tables. Considering 

the smaller set of criteria obtained after the discussion step of the LSCM, most of the questions in 

the questionnaire presented to the students were Intuitive (75.1%), Verbal (90.1%) and Sequential 

(73.5%). It is worthwhile noting that the questions were taken from standard databases of classical 

Introductory Physics textbooks, and therefore can be assumed to be representative of the types of 

Physics questions that most undergraduate students face during learning at this level.   

 

Students’ Learning Styles Identification   

From the students’ responses to the 181 online questions, we could predict each student’s 

learning style with the LSQuiz software. Also, each student answered the ILS questionnaire 

(Felder & Solomon, 2000). Table 5 summarizes the fraction of students classified by style for each 

independent dimension in the FSM using the LSQuiz and, for comparison, the ILS approach.  

 

Table 5. The fraction of students as classified by ILS and LSQuiz. Question (N=181) and student (N=63 

for Sensory-Intuitive and Sequential-Global and N=61 for Visual-Verbal dimension) classification were 

performed independently from each other 

 

Learning Style Students (LSQuiz) (%) Students (ILS) (%) 

Sensory 60.6 49.2 

Intuitive 39.4 50.8 

Visual 58.7 58.7 

Verbal 41.3 41.3 

Sequential 81.0 54.0 

Global 19.0 46.0 

 

Across all students, the LSQuiz classifies the whole group with sensory (60.6%), visual 

(58.7%) and sequential (81%) styles. The ILS is less specific, with roughly similar values between 

sensory (49.2%) and intuitive (50.8%) styles, and sequential (54.0%) and global (46.0%) styles. It 

is worth noting that the results in Table 5 represent an average across all students. Therefore, 

students that were classified as one style by one method were not necessarily classified by the 



European J of Physics Education Volume 10 Issue 2 1309-7202  Caceffo et al. 

 16 

same style with the other classification method. Individual correlation between both methods – 

ILS and LSQuiz – were analyzed in the following subsection.   

One fundamental difference between the LSQuiz and the standard ILS is that the former has 

the possibility of a student being classified as neutral in one dimension (it happens when Equation 

1 is zero). Because the traditional ILS has no neutral values for the learning styles (i.e., students 

always are categorized into one of the two styles in each dimension), students classified as neutral 

in any dimension were removed from the analysis. This removed two students in our model for 

the Visual-Verbal dimension. Therefore, we considered N = 63 for Sensory-Intuitive and 

Sequential-Global styles and N=61 for Visual-Verbal dimension in our analysis. 

 

Data Analysis – Comparison of Individual Prediction of Learning Styles  

In order to quantify the ILS predictive power of students’ performance, Table 6 compares 

the number of students classified by learning style for each dimension, when the two methods are 

used independently. The last row shows that the agreement between the methods (i.e., the number 

of students that were classified in the same style by both methods) barely exceeds random chance. 

For the Sensory-Intuitive dimension, only 50.8% of students were classified in the same style by 

the two methods (95% confidence interval: 37.9% - 63.6%). The highest agreement between the 

ILS and the LSQuiz is for the Visual-Verbal dimension, with 58.7% (95% confidence interval: 

45.6% - 71.0%). For the Sequential-Global dimension, the agreement was 54.0% (95% confidence 

interval: 40.9% - 66.6%). In all cases, the ILS could not predict the students’ actual performance 

(as measured by the LSQuiz) better than 50%, considering the confidence intervals. When the 

performance in LSQuiz was neutral (i.e., the value of zero in Equation 1), any prediction from the 

ILS was not considered as an agreement.    

 

Table 6. The total number of students classified by learning styles through ILS and LSQuiz (N=63). The 

agreements row (ILS & LSQuiz) shows how many students were categorized in the same way by both 

methods (e.g. if a student was classified as Visual by ILS and by LSQuiz, he/she was counted in the 

agreements row) 

 

Classification by Sensory Intuitive Visual Verbal Sequential Global 

ILS 31 32 37 26 34 29 

LSquiz 37 24 37 26 51 12 

ILS & LSQuiz 19 13 24 13 28 6 

 

On its turn, Table 7 shows the Pearson correlation between the ILS and LSQuiz data for each 

one of the three learning styles dimensions addressed in this study.  
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Table 7. Pearson correlation between the ILS and LSQuiz data for each one of the three learning styles 
dimensions addressed in this study. The average column shows the overall correlation, considering all 

dimensions 

 

 Sensory   

Intuitive 

Visual 

Verbal 

Sequential 

Global 

Average 

Coefficient 0.354 0.507 0.760 0.540 

p-value 0.353 0.506 0.760 0.539 

 

As explained by Mukaka (2012), the rule of thumb for interpreting the size of a correlation 

coefficient is: .00 to .30, negligible correlation; .30 to .50, low correlation; .50 to .70, moderate 

correlation; .70 to .90, high correlation and; .90 to 1.00, very high correlation.  Usually, .70 is the 

minimum acceptable correlation suggested in the literature. On this way, it is possible to state the 

ILS and LSQuiz data has, for the Sensory-Intuitive dimension, a low correlation; for the Visual-

Verbal, a moderate correlation (although in the borderline to the low correlation) and; the 

Sequential-Global, a high correlation – the only dimension with a coefficient above 0.7.   

 

ILS Internal Consistency   

As described in the methodology section, the ILS data from 123 students were used to 

calculate the Cronbach’s alpha and the Split-half reliability test. The analysis was performed with 

the statistical software R. We obtained internal consistencies that varied from 0.51 to 0.78 

(considering 95% confidence intervals) for most of the learning styles dimensions (Table 8). These 

values are within the ones previously reported in the literature. For the Sequential-Global 

dimension, our Cronbach's alpha is considerably lower. Interestingly, however, our results were 

similar when we considered two different methods to measure internal consistency, which 

strengthens cross-validation between methods. 

 

Table 8. ILS Internal Consistency for participant students of the Introductory Physics course (N = 123) 

 

 Active – 

Reflexive 

Sensory – 

Intuitive 

Visual – 

Verbal 

Sequential – 

Global 

Cronbach’s Alpha 0.62 0.70 0.62 0.30 

Cronbach’s Alpha 

95% confidence interval 

0.52 – 0.71 0.62 – 0.78 

 

0.51 – 0.70 0.04 – 0.48 

Split-half reliability index 0.62 0.69 0.61 0.30 
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DISCUSSION AND CONCLUSIONS 

The Felder & Silverman learning styles model (FSM) has been widely employed to better 

comprehend and improve learning in the fields of Science, Technology, Engineering, and Math 

(STEM). The FSM assumes that students have learning preferences regarding how the information 

is obtained, processed, perceived and understood. In order to classify students in these four 

dimensions, the index of learning styles (ILS) – an online questionnaire composed of 44 questions 

– has been proposed (Felder & Soloman, 2000). Although FSM is very attractive, it lacks 

experimental validation, and questions about how learning styles information can be used to 

further improve learning are still subject to debate.  

Our study hypothesized that the FSM could be predictive of students’ performance in an 

Introductory Physics course. If valid, it would allow the design of novel educational approaches, 

such as Ubiquitous Computing systems focused on the personalization of learning. In this context, 

Physics is a discipline with great potential because, in addition to a broad demand of learning, 

several active learning approaches have been successfully developed already, such as the Peer 

Instruction (PI). Therefore, in this work, we developed an online software able to predict students' 

learning styles based on students' performance in general Physics questions (LSQuiz). The LSQuiz 

is a plugin designed specifically for the Moodle platform and was tested in an Introductory Physics 

course designed with PI. 

The first difficulty that arises with the FSM is the classification of learning preferences. The 

original guidelines of criteria established for each style and dimension are subjective. In order to 

overcome misinterpretation, we developed a Learning Styles Classification Method (LSCM). Our 

approach is based on the subject's interpretation followed by a group discussion to establish 

common criteria for classification, thus providing more objective guidelines and criteria to 

categorize questions through Learning Styles. We consider the number of volunteers that 

participated in the LSCM development (N = 14) was sufficient to reach a minimum consensus 

about the criteria to how to classify questions. Based on this approach, we classified all 181 Physics 

questions that students answered online during the course. We then assessed the students' learning 

styles through the LSQuiz, ILS, and compared the results. 

The original purpose of the FSM was to provide instructors with a priori knowledge of 

students’ learning styles, which could be used later by the instructor to support and even adapt 

his/her teaching according to the class styles.  

Overall, as presented in Table 7, we found a moderate correlation between the ILS and the 

students’ performance (as measured by the independent classification with the LSQuiz), with a 

Pearson’s correlation coefficient of 0.54 – below the .70 usually accepted in literature. These data 

are corroborated by the individual analysis presented in Table 6, which shows that the ILS could 

not predict a student’s actual performance, as measured by the LSQuiz, better than random. 

However, when independently analyzing the learning styles dimensions, it is possible to 

identify that the correlation is greater in some dimensions (especially Visual-Verbal, with a 0.50 

coefficient, and the Sequential-Global, which has a 0.76 coefficient) and smaller in the Sensory-

Intuitive, which has a 0.35 correlation. Indeed, when the Sensory-Intuitive dimension is not 

considered, the Pearson’s correlation coefficient is 0.633, a still moderate correlation, but closer 

to the 0.70 thresholds. 
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It is important to state, however, that the results related to the Sequential-Global dimension 

are not supported by the internal consistency of the ILS identified in the literature (ranging from 

0.41 and 0.56, as shown in Table 1) and in this study (0.30, as shown in Table 8). Therefore, 

although we found a high correlation between the ILS and LSQuiz in the Sequential-Global 

dimension, the ILS low consistency in this dimension makes the results unreliable. 

When considering the Visual-Verbal dimension, the literature presents an ILS Cronbach’s 

alpha internal consistency ranging from a 0.56 to 0.74 (see Table 1), which is consistent to the 0.62 

value found in this study (see Table 8). This consistency, although below the 0.7 minimum value 

suggested by Nunally (1978) and Lance et al. (2006), is above the Tuckman’s (1999) threshold of 

0.50 for attitude tests. Therefore, the Pearson correlation between the ILS and LSQuiz found for 

the Visual-Verbal dimension could be considered reliable, indicating a moderate correlation 

between the students’ learning styles and their performance in questions classified in this 

dimension. 

Finally, our results suggest that, although in general the correlation between the ILS and the 

students’ performance is not better than random chance, the adoption of customized learning 

practices – including, but not limited to questionnaires – in the Visual-Verbal dimension have 

potential and could be the focus of further studies. 

 Particularly, in this study, we classified previous existing/adopted questions as visual or 

verbal. As these questions were previously created without prior guidance or standardization, it is 

possible that their classification was often close to the borderline (i.e., the question could present 

characteristics of both learning styles), which may have negatively impacted the results. 

 In future work, it would be possible – through the LCSM designed in this study – to create 

a specific questionnaire, with questions designed from scratch to meet the LCSM requirements 

and guidelines for the Visual and Verbal learning styles, possibly leading to a higher correlation 

between the ILS and the students’ performance. 
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