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Executive Summary 
This paper presents the results of an empirical study of the learning styles of a group of comput-
ing students and the teaching styles of their tutors at The Open Polytechnic of New Zealand. This 
study of learning styles is based on Kolb’s learning model and the Felder-Soloman learning style 
instrument. To identify how close students’ learning styles match the teaching styles of their tu-
tors we have used two indicators: the self-perception of the students about the proximity of their 
learning styles and the teaching styles of their tutors and a Euclidean distance measure between 
students’ and tutors’ learning preferences. Using survey data and the learning styles instrument 
results we identify the differences between the learning and teaching styles. Both indicators show 
consistent and significant differences between the learning and teaching styles, in the way stu-
dents and their tutors perceive and understand information. Finally we make recommendation to 
tutors on how to bridge this gap and address the learning styles of their students.  

Keywords: Learning styles, Teaching styles, Felder-Solomon Index of Learning Styles, Com-
puter concepts, Distance education.  

Introduction 
The accelerated growth of the education sector in the last two decades could be partly contributed 
to the Internet based communication tools that were widely used to deliver courses and support 
students. Increasing demand for quality continuous education from society and the economy is 
putting pressure on academic staff to maintain high level of services despite of increasing number 
of students. At the same time budgetary restrictions and requests from governments to increase 
efficiency in the tertiary sector force academics to continually review the quality of the learning 
material they produce and to accommodate teaching styles and developments in technology to the 
changing learning styles of students. We believe that a mismatch between the learning styles of 
students and the teaching styles of tutors might lead to poor educational performance and a low 
retention of students on courses. So far, qualitative analysis or anecdotal evidence has been used 
to illustrate this mismatch between learning and teaching styles. Therefore we think there is a 
need for quantitative experimental research that will address this mismatch between learning and 
teaching styles.  

This paper presents results of an em-
pirical study of the learning styles of a 
group of Computer Concepts course 
students enrolled in the second semes-
ter of 2003 at The Open Polytechnic 
of New Zealand. The Open Polytech-
nic is the only specialist provider of 
open and distance education in New 
Zealand. Computer Concepts is a 
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compulsory course that is part of the New Zealand Diploma in Business. The course uses elec-
tronic discussion forums for communication and peer-to-peer and tutor support. Participation in 
the discussions is an integral part of the assessment regime.  

The main objective of our research is to identify the diversity of learning and teaching styles 
among Computer Concepts students and their tutors. More specifically the data gathered for this 
paper was used to address the following four questions:  

• do the students’ learning styles match the IT tutors’ learning styles?  

• could the self-perception of students about how close the teaching style matches their 
learning style be used as an indicator of the proximity between the teaching and learning 
styles?  

• are the results of Euclidean distance between students and the average IT tutor learning 
style scores consistent with the results based on the self-perception of students?  

• do the results of Euclidean distance between teaching and learning styles based on the 
learning styles instrument correlate with the students’ self-perception of proximity?  

The learning styles of students and tutors and their differences will be the main focus of this 
study. Other authors such as for example Ford and Chen (2001) studied the match/mismatch be-
tween teaching and learning styles. However, they have used different learning style model and 
instrument and therefore their results and not directly comparable with the results from this paper.  

The first section gives a brief overview of learning styles models, summarising the Kolb and 
Felder-Silverman learning style models. In the second section the learning styles instrument is 
described. In the next section data and methodology are discussed. The fourth section presents the 
learning styles results along with critical comments. Finally we make some suggestions on how to 
accommodate the different learning styles of students and how to modify teaching styles to effec-
tively use available communication tools.  

Learning Styles Models 
The most common framework used for description and explanation of learning styles models is 
Curry’s ‘Onion’ Model (Curry, 1983). This meta model attempts to define and illustrate relation-
ship between learner’s personality, cognitive styles, learning styles and learning strategies. There 
is an alternative generalisation of learning styles models other than the classic Curry’s Model de-
veloped by Gordon and Bull (2004) and applicable only to 4-cycles types of learning styles mod-
els.  

An excellent systematic overview of the main learning style models based on the Curry’s ‘Onion’ 
Model is given in Atkins et al (2001). Different approaches have been used to model and label a 
student’s learning style, from those based on social interaction and instructional and environ-
mental preferences to information processing and personality levels. Among these approaches the 
information processing approach (the middle layer of the Curry’s model) is of particular interest 
in the context of this paper. The reason for this is that the models which belong to this layer are 
more stable than the others, and they do not interact directly with the environment, though they 
are modifiable by learning strategies (Atkins, Moore, Sharpe, & Hobbs, 2001). The most domi-
nant learning cycles models are the 4-stage learning cycles model. Among them the most cited 
and used to identify learners’ preferences is Kolb’s experiential learning cycles model (Kolb, 
1984) and the Felder-Silverman model (1988).  

The Kolb model uses the learner’s experience as a corner stone or starting point in the learning 
process. Learners are perceived as passing through four stages of learning. Initially they are ex-
perimenting with the topic accumulating enough concrete experience to be able to reflect in the 



 Kova�i� 

 795 

second stage on the observation gathered in the concrete experimenting stage. As a result of re-
flective activities learners derive abstract concepts and make generalisations in the third, abstract 
conceptualisation stage. Finally, new concepts are subject to testing to see if they provide a solid 
explanation in new situations. In other words, learners begin a new learning cycle, gathering new 
evidence, concrete experience. Though learners are moving through each stage they tend to use a 
specific learning mode. Therefore we can describe them as a learner with a preference for a par-
ticular mode. By looking at the quadrants, Kolb identified four types of learners in this model: 
Diverger (creative, generates alternatives), Assimilator (defines problems, creates theoretical 
models), Converger (practical applications, makes decision) and Accomodator (takes risks, gets 
things done), as we have labeled them in Figure 1. We can also identify these learners by the type 
of question they would ask while they learn: “Why?”, “What?”, “How?” and “What if?” 

Initially the Felder-Silverman learning style model was developed as a five dimensional model, 
with the following dimensions: Perception, Input, Processing, Understanding and Organisation. 
Later they omitted the Organisation dimension, because Felder (1993) believes that the best ap-
proach to teaching undergraduates is always inductive and therefore his learning styles instrument 
does not differentiate between inductive and deductive learners.  

Both the Kolb and Felder-Silverman models belong to the information processing category of 
learning style models and are based on the same educational philosophy of John Dewey, which 
emphasises the nature of experience as of fundamental importance in education.  

There is a close relationship between the Felder-Silverman model and the Kolb learning style 
model. The Processing dimension, with active and reflective poles in the Felder-Silverman model 
matches the same Processing dimension in Kolb’s model. Also, the Perception dimension in the 
Felder-Silverman model with sensing and intuitive poles matches the same Perception dimension 
in Kolb’s model as we have illustrated in Figure 1.  

�

Figure 1: Kolb and Felder-Silverman learning models 
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Learning Styles Instrument 
While there are several different instruments for measuring individuals’ learning styles (see for 
example, Hickcox, 1995, for an excellent critical overview of adult learning style inventory mod-
els), in this paper we used the instrument developed by Felder and Soloman (2003), known as the 
Index of Learning Styles (ILS), which is a simple test based on experiential learning theory 
(Felder-Silverman learning style model in particular). 

The reasons we have opted for this particular learning style instrument are as follows: Firstly, it 
covers all four learning styles dimensions and is based on a sound theoretical model. Secondly, 
the instrument has been widely tested and used successfully in helping to guide the design, devel-
opment and use of effective learning environments. Thirdly, this instrument is simple to use and 
the results obtained from this study are easy to interpret and can be applied easily. Fourthly, this 
instrument has good validation results (Zywno, 2003a), which makes this instrument reliable in 
detecting preferred learning styles among students.  

The Felder-Solomon ILS questionnaire is constructed as a bi-polar instrument across four dimen-
sions: Processing (with poles: active/reflective), Perception (sensing/intuitive), Input (vis-
ual/verbal) and Understanding (sequential/global). The dichotomous learning style dimensions of 
this model are continuous and not discrete categories. This means that the learner’s preference on 
a given scale does not necessarily belong to one of the poles. It may be strong, moderate, or al-
most non-existent.  

According to Felder and Silverman (1988) active learners are described as those who learn by 
actively trying things and collaborating with others. Reflective learners’ preferences are for think-
ing rather than trying things through and they prefer working alone. Sensing learners prefer learn-
ing facts and procedures while intuitive learners are innovative and oriented more toward con-
cepts, theories and meanings. Visual learners prefer visual representations such as pictures, dia-
grams and charts while verbal learners prefer written or spoken explanations. Sequential learners 
are linear, orderly and learn in small incremental steps while global learners are holistic thinkers 
who learn in large leaps.  

The instrument consists of 11 questions for measuring each of the four dimensions, and thus a 
total of 44 questions. Each question along a dimension is designed to determine if a respondent 
tends to belong to one category or another on that dimension. It does so by asking the respondent 
to choose only one of two options where each option represents each category. For example the 
Input dimension has two categories: Visual and Verbal. One of the Input dimension questions in 
the instrument is “When I think about what I did yesterday, I am most likely to get (a) a picture or 
(b) words”. A respondent who chooses (a) is one who tends to be a visual learner while one who 
chooses (b) tends to be a verbal learner. A respondent is classified as belonging to a particular 
category, for example, visual instead of verbal on the Input dimension, if he or she chooses more 
of the options that correspond to those of visual learners. Since there are 11 questions for each 
dimension, a respondent is always classifiable along each dimension. The range of data for each 
dimension is from 0 to 11. Obviously there are 16 possible combinations, or types of learner in 
this model.  

Data 
We administered the Felder-Solomon (2003) Index of Learning Styles instrument as an integral 
part of a compulsory Assessed Project. We asked students to identify their learning style by reply-
ing to the online questionnaire at the North Carolina State University web site, host of the ILS. At 
the time when we asked them to complete this online questionnaire we had 174 students enrolled 
in the course. From these 174 students 117 submitted the Assessed Project (67%). After submit-
ting the Assessed Project only 92 students continued their study, while rest of the class withdrew 
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from the course. From 117 students who submitted the Assessed project, 92 of them, i.e. 79%, 
completed the online questionnaire and sent in their learning style results. At the same time, 9 IT 
tutors completed the same Felder-Solomon ILS questionnaire.  

At the end of the course, but before the final exam we asked the students to help us improve the 
course by providing a feedback on eleven questions (one of the question was: “On a scale of 1 to 
5 (1 being the least close and 5 the most close) how would you rate how close the teaching style 
matched your learning style”. A total of 92 emails requesting the feedback were sent to students 
and 48 of these emails received a reply (response rate of 52%). Unfortunately 5 of the students 
who provided their learning style results did not provide feedback and vice versa.  

Results 
The Felder-Solomon learning styles frequencies of the Open Polytechnic of New Zealand Com-
puter Concepts students are listed in Table 1 along with the results of a number of published stud-
ies relevant to this study. In all these studies the same learning style model and instrument have 
been used in the various departments. The four columns in Table 1 labeled Active, Sensing, Vis-
ual, and Sequential show the percent of students who are active, sensor, visual and sequential 
learner.  

Based on comparative data, it appears that Computer Concepts students are less active (the lowest 
active frequency of 50% only), but more sensing than participants from other academic institu-
tions (the highest sensing frequency of 86%). The result indicates that approximately 86% of 
Computer Concepts students prefer the sensing mode of perceiving information in comparison to 
only 14% of students who prefer the intuitive mode. From Table 1 we see that the closest match 
with the Computer Concepts students learning styles profile are those of ABAP programming 
students at Faculty of Information Technology of Queensland University of Technology (there 
are some discrepancies in the sensing and sequential frequencies only). 

Table 1: Comparison of student’s learning styles frequencies 

Study Active Sensing Visual Sequential Number of 
participants Institution 

Kova�i� (this 
study) 50% 86% 82% 58% 92 

The Open Polytechnic 
of New Zealand 

Zywno (2003b) 61% 65% 88% 63% 338 Ryerson Polytechnic 
University 

Fowler et al. 
(2002) 58% 65% 83% 61% 69 

School of Engineering, 
Murdoch University 

Fowler et al. 
(2002) 67% 67% 76% 55% 116 

Murdoch University 

Zywno & 
Waalen (2002) 53% 66% 86% 72% 87 

Ryerson Polytechnic 
University 

Zywno & 
Waalen (2002) 69% 59% 80% 67% 858 

University of Western 
Ontario 

Ng et al. (1999) 50% 78% 82% 62% 60 Faculty of IT of QUT 

Montgomery 
(1995) 67% 57% 69% 71% 143 

University of Michigan 
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The study of tutors’ learning style was based on the assumption that tutors teach partially based 
on their own individual learning style (this was supported by findings presented in Stitt-Gohdes, 
Crews, and McCannon, 1999). However, tutors could also integrate theories of student-centered 
learning and constructivism, even if it is not the way they learned or prefer to learn. Data for the 
Open Polytechnic IT tutors are shown in Table 2 along with results of several other published 
studies. Data presented indicate that most academics are intuitors (percents from the Sensing col-
umn in Table 2 are less than 50%), but the majority of students are sensors (percents from the 
Sensing column in Table 1 are well over 50%). Consequently, if staff teach according to their 
learning styles then a mismatch may exist with the average student.  

The comparison of student and staff results from the ILS survey are shown in Figure 2. Based on 
learning styles frequencies we defined the dominant student as active, sensing, visual and sequen-
tial while the dominant IT tutor is active, intuitive, visual and global. In other words students are 
different from their tutors in the way they perceive and understand information. However, both 
students and tutors prefer to input and process the information in the same way (visually and ac-
tively). 

To identify how different the student learning style is from the IT tutor learning style we have 
calculated the mean value of the IT tutors’ learning style scores. The tutor who scored the average 
score was labeled as an average IT tutor. Table 3 contains mean scores and mean differences in 
scores between students and IT tutors. The table also contains the value of the F-ratio and P-value 

Table 2: Comparison of tutor’s learning styles frequencies 

Study Active Sensing Visual Sequential Number of 
participants Institution 

Kova�i� 56% 44% 78% 22% 9 The Open Polytechnic 
of New Zealand 

Zywno 
(2003b) 38% 42% 94% 35% 48 Ryerson Polytechnic 

University 

Fowler et al. 
(2002) 27% 36% 73% 45% 11 School of Engineering 

Murdoch University 
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Figure 2: Student vs. IT tutor learning styles 
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for each mean difference. The P-value indicates the likelihood of obtaining a difference as large 
as that observed if it occurred simply from randomness in the data. A low P-value implies that we 
would probably not observe such a large difference from purely random data and the difference 
must be the result of some systematic effect. By convention, we usually label any difference with 
a P-value of 0.05 or less as meaningful, that is, statistically significant.  

Both the mean scores for the Perception (sensing/intuitive) and Understanding (sequential/global) 
dimensions show high F-ratio values, which are statistically significant. The P-values for these 
scores differences are less than 0.00 (positive but less than 0.0005%). These are very low and 
well below the conventional cutoff point of 0.05, so the differences are statistically significant 
and we can state with a high level of confidence that students’ scores are different from scores of 
their tutors on both dimensions. In cases of Processing (active/reflective) and Inputting (vis-
ual/verbal) dimensions the P-values were very high (well above 0.05), so neither difference was 
statistically significant.  

We used two instruments to measure how close the IT tutors’ learning style matched those of stu-
dents. As we said before, we are using the tutors’ learning style as a proxy for their teaching 
styles because very often teaching style of tutors reflects their own learning styles. The first in-
strument (we have labeled it as self-perception) is based on a questionnaire where we asked stu-
dents to self-evaluate how close their IT tutors teaching style matched their own learning style. 
The second instrument is based on a statistical distance measure, the well known Euclidean dis-
tance. Based on the Felder-Solomon scores of IT tutors we have calculated the mean scores for 
each dimension of the Felder-Solomon ILS. The scores for each student were then used to calcu-
late the Euclidean distance between the student and the average IT tutor. When the Euclidean dis-
tance moves closer to zero it means that the student learning style is a closer match to the teach-
ing style of the average IT tutor and vice versa. We expected that the self-perception of students 
about how close their learning style matched that of their IT tutors would be congruent with the 
results based on Euclidean distance measure. In other words if they perceived their learning style 
match was closer to the IT tutors teaching style (numerically closer to 5 on the Likert scale) then 
the Euclidean distance between them and tutors should tend toward zero.  

The Felder-Solomon ILS was completed by 92 students. However, self-evaluation results were 
received from 48 students only (5 of them did not submit the result of the Felder-Solomon ILS 
questionnaire). Therefore we have used self-evaluation results and learning styles scores for this 

Table 3: Comparison of Felder’s learning styles scores between  
students (S) and IT tutors (T) 

Dimension Mean score(S) Mean score(T) Mean differ-
ence F-ratio P-value 

Active score 5.49 5.11 0.38 0.25 0.62 

Reflective score 5.51 5.89 -0.38 0.25 0.62 

Sensing score 8.15 4.56 3.59 19.73** 0.00 

Intuitive score 2.85 6.44 -3.59 19.73** 0.00 

Visual score 7.42 7.89 -0.47 0.31 0.58 

Verbal score 3.58 3.11 0.47 0.31 0.58 

Sequential score 5.90 3.44 2.46 9.57** 0.00 

Global score 5.10 7.56 -2.46 9.57** 0.00 

** F-ratio is significant at the 0.01 level. 
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subset of 43 students. At the same time, we have calculated Euclidean distances for the larger set 
(N=92 students) and used them to see how robust our result based on a smaller data set was.  

Since the dominant IT tutor is active, intuitive, visual and global our results in the Table 4 show 
an almost perfect match. On average the self-evaluation of 43 students reveals that active, intui-
tive, visual and global learners think that the IT tutors teaching style matches their learning style. 

Their average self-evaluation scores are higher than the corresponding average scores of reflec-
tive, sensing, verbal and sequential learners. The differences are statistically significant for Proc-
essing (active/reflective) and Input (visual/verbal) dimension.  

If we use Euclidean distances the results are almost the same as the previous one based on the 
student’s self-perception, with one exception – reflective learners seem closer to the IT tutors. We 
shall comment on this discrepancy later. Since the average Euclidean distances of intuitive, visual 
and global learners are smaller than the corresponding average Euclidean distances for sensing, 
verbal and sequential learners (difference is statistically significant in case of Input domain only) 
we can conclude that these results are consistent with the previous one based on students’ self-
evaluation. Students’ perception of teaching and learning style is an unbiased indicator of prox-
imity between IT tutors teaching styles and students’ learning styles.  

As we mentioned before the Euclidean distance for reflective learners is smaller than that for ac-
tive learners, though we expected the opposite. The reason for this is as follows. We have used 
learning styles scores for 9 IT tutors. Five of them are active learners (56%) and 4 are reflective 
(44%). Therefore the dominant IT tutor is an active learner. However, the average learning style 
scores for the Processing dimension are 5.1 (active) and 5.9 (reflective). Since the reflective score 
is higher than the active this would suggest that the average IT tutor is reflective. This is the only 
mismatch between the dominant and average IT tutor in terms of their learning styles. The main 
reason for such a discrepancy is due to the small sample size (nine IT tutors only).  

In case of the larger data set all the differences among averages of Euclidean distances are statis-
tically significant except the first one (Processing dimension: active and reflective scale) suggest-
ing that active, intuitive, visual and global learners are closer to an average IT tutor.  

Table 4: Proximity of learning and teaching styles 

Dimension Self-perception (N=43) Euclidean distance 
(N=43) 

Euclidean distance 
(N=92) 

ACT REF F-ratio ACT REF F-ratio ACT REF F-ratio 

3.47 2.67 7.85 10.25 8.81 2.85 8.89 8.07 1.91 

Processing 

  (0.01)   (0.10)   (0.17) 

SEN INT F-ratio SEN INT F-ratio SEN INT F-ratio 

3.00 3.50 0.46 9.55 7.33 1.16 8.87 6.08 12.06 

Perception 

  (0.50)   (0.29)   (0.00) 

VIS VRB F-ratio VIS VRB F-ratio VIS VRB F-ratio 

3.21 2.33 5.91 8.78 11.96 10.97 8.01 10.56 12.57 

Input 

  (0.02)   (0.00)   (0.00) 

SEQ GLO F-ratio SEQ GLO F-ratio SEQ GLO F-ratio 

3.04 3.07 0.02 9.70 9.05 0.54 9.37 7.27 13.87 

Understanding 

  (0.91)   (0.47)   (0.00) 
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To test the hypothesis that the results of Felder-Solomon ILS scores correlate with self-
perceptions on proximity between teaching and learning styles by students, we have calculated 
the Pearson’s correlation coefficients between the students’ evaluation scores and the different 
dimensions of the Felder-Solomon ILS and presented them in Table 5. The figure between the 
brackets shows P-value, i.e. the level of significance. The P-value indicates the likelihood of ob-
taining a correlation coefficient as large as that observed if it occurred simply from randomness in 
the data. A low P-value implies that we would probably not observe such a large correlation coef-
ficient from purely random data and the coefficient must be the result of a linear relationship be-
tween observed series.  

For the first variable (how close teaching style matches student learning style) all the correlation 
coefficients are with expected sign. Since the dominant IT tutor is an active, intuitive, visual and 
global learner we would expect a positive correlation between the active and visual scores and the 
students’ perception of how close their learning style matches the dominant IT teaching style. On 
the other hand, for sensing and sequential scores we would expect a negative correlation because 
the IT tutor learns is the opposite way (intuitive and global). However, only the correlation coef-
ficients for active and visual scores show some statistical significance (8% and 5%, respectively) 
and the level of relationship is quite low, about 0.27 and 0.30, respectively.  

The smallest distance between students and tutors (in terms of how close teaching style match 
learning style) is for intuitive students. The highest +/- correlation is for sensing/intuitive scores 
and Euclidean distance, which stress the importance of Perception (sensing/intuitive) dimension 
for learning styles research.  

Finally, the correlation between the Euclidean distance and self-perception scores was negative (-
0.23) as expected, but statistically not significant (at the 0.13 level), most probably because of the 
small sample size. Thus the hypothesis that the results of the Felder-Soloman ILS correlates with 
the self-perception of students on how closely the teaching style matches their learning style pref-
erences was rejected. 

Implication for Teaching 
In his 1993 seminal article Felder emphasized that students whose learning styles are compatible 
with the teaching style of s tutor tend to retain information better, obtain better grades and main-
tain a greater interest in the course. The identified mismatch between students’ learning prefer-
ences and the dominant teaching style of tutors should be addressed and changes should be made 
in the current teaching practice. Felder gave advice to academics to balance between opposite 
poles in each learning dimension. However, to some extent students should be also exposed to the 
teaching style which is different from their preferences to prepare them for the real world.  

Table 5: Correlation between learning styles dimensions and  
proximity of learning and teaching styles 

 ACT SEN VIS SEQ 
0.27** -0.06 0.30* -0.15 Teaching Style matches 

Learning Style 
(0.08) (0.69) (0.05) (0.35) 

0.27* 0.67** -0.31** 0.41** Euclidean distance between 
student and average IT tutor 

(0.08) (0.0) (0.04) (0.01) 

** significant at the 0.05 level. 
*   significant at the 0.10 level. 
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We have used a list of Felder’s recommendations to address the different learning styles among 
Computer Concepts students, illustrating each suggestion with an example from the course: 

1. To bridge the gap in Perceiving and Understanding dimension between them and stu-
dents, tutors should provide more examples (sensing) to illustrate how to design a busi-
ness application in a step-by-step (sequential) manner. This is quite important because 
there is a large (60%) practical component covering word processing, the use of spread-
sheets, database management and the Internet. 

2. Numerical examples (sensing) for functions and formulas (intuitive) in spreadsheets and 
databases, should be provided with sufficient time for trial (active) and absorbing (reflec-
tive) the information.  

3. Since discussion forums are written discourse per se, tutors should use attachments with 
screen shots (visual) of important steps (sequential) in designing a business application. 
Alternatively PowerPoint presentation with animated slides or multimedia elements and 
speaker’s notes could enrich the learning experience because of students’ preference to-
ward visual input of information.  

4. Each important step (sequential) in business application design (word processing, spread-
sheeting and database) should be discussed in the forums (active/reflective). Teamwork 
and cooperation (active) should be encouraged. 

5. Tutors can help students to develop learning skills in other areas by developing assign-
ments (in-course and the final exam) that address all or most of learning styles. This 
could be achieved by creating holistic, complex assignments, which contain activities for 
each learning preferences.  

Conclusion 
This paper has presented the results of an empirical study of the learning styles of students and 
tutors. We have identified the differences in learning and teaching styles using the Felder-
Soloman Index of Learning Styles. More specifically, we have found that they are different in 
two dimensions of the Felder-Silverman learning styles model, i.e. in the Perceiving and Under-
standing dimension. We have also shown that students’ self-perception about the proximity be-
tween their learning styles and tutors teaching styles was quite unbiased. This finding was sup-
ported by using another proximity measure – the Euclidean distance between the learning prefer-
ences of students and tutors. We would like emphasis that these findings are based on the as-
sumption that teaching style of tutors reflects their own learning style.  

Awareness about learning styles is very important both to academic staff and students. Students 
will understand why the tutors are using different teaching approaches on the course and how 
they can benefit from that. Academic staff should recognise the variety of learning styles among 
students and adjust their teaching style to take account of this. The results presented in this paper 
also send a clear message to the course designers to create a learning environment that will sup-
port the construction of knowledge in our students.  

This research sets the foundation for future work on learning styles in the Open Polytechnic of 
New Zealand. Further work is planned to extend the data set over different courses and programs 
and to join with institutions in other countries in collaborative research. We believe that IT stu-
dents are differently positioned in their learning preferences compared to students in other disci-
plines as was shown for marketing students (Jaju & Kwak, 2000) or for community collage stu-
dents (Jones, Reichard & Mokhtari, 2003). We also believe that cross-cultural differences in 
learning styles of students are significant as was found by Jaju, Kwak and Zinkhan (2002). Fi-
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nally, we are planning to test the impact of standard demographics on the learning styles and to 
test the academic performances of students with different learning styles. 
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