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Abstract⎯Industrial Technology (IT) 345, a junior-level course 
at Purdue University, has been assessing students’ learning styles 
every semester since spring 2008 to understand how to best send 
information to the student. IT 345 is a hands-on, lecture, and 
laboratory course on the subject of automatic identification and 
data capture technology including barcodes, scanning technology, 
card technology, and biometric technology. The Index of Learning 
Styles (ILS) questionnaire by Felder and Silverman was 
administered to assess students’ learning styles and categorize 
students according to their learning style as active/reflective, 
sensing/intuitive, visual/auditory, or sequential/global learners. 
The goals of this paper are to understand the categories of students 
that perform well in the course and whether the teaching methods 
and the media used to deliver this information are sufficiently 
universal to satisfy all students. 

 

Index Terms⎯automatic identification and data capture; 
index of learning styles; industrial technology; student success 

A. MOTIVATION 
People learn in different ways. Some students like to 

have material presented to them in a series of facts and 
information, while some others are more comfortable with a 
more abstract approach [1]. From an instructional 
perspective, it is useful to know how to convey material to 
students to improve their capacity to learn. This 
understanding is even more important as newer technology 
such as learning management systems, interactive clickers, 
and social network integration are incorporated into the 
classroom. This paper parallels the process and objectives of 
Montgomery and Groat [2], instructors of an introductory 
lecture in chemical engineering, who incorporated various 
learning strategies based on learning styles. The course 
under review in this paper is an introductory course in 
automatic identification and data capture for juniors and 
seniors at Purdue University. The course instructor has made 

use of learning technologies, motivated not only by whether 
a positive impact on student learning is achieved, but also by 
whether the method of delivery has a negative effect on any 
students, as recommended by [3]. These concerns are 
addressed by gaining an understanding of the student 
population through administration of learning assessment 
surveys and pretest/posttest evaluations. The pretest, 
administered to establish a baseline of each student’s 
knowledge, is usually not factored into of the student’s final 
grade [4]. The Index of Learning Styles (ILS) [5] was 
administered as part of this study, although numerous other 
learning style approaches could have been used.  

B. BACKGROUND 
A learning style can be defined as “characteristic 

preferences for alternative ways of taking in and processing 
information” [6]. The concepts of learning styles have long 
been debated within the academic community, resulting in 
numerous claims and counterclaims, especially from the 
commercial sector [5]. The authors of this study conducted a 
review of literature, identifying more than 70 different 
models. The ILS model was chosen for several reasons. The 
first, according to Felder, is that the ILS is designed for 
people of college age or older. Secondly, the test-retest 
reliability and construct validity have been studied and 
summarized in [1]. Thirdly, in keeping with our motivation, 
Felder noted that the ILS has two main applications: to 
provide guidance for instructors and help them to design 
instruction that addresses the needs of the students, and to 
present the results of the learning style questionnaire to the 
students to make them aware of their inherent strengths and 
weaknesses [1].    

The ILS is a 44-item instrument that is available online 
[2]. The history of the ILS learning style is presented in [1]. 
The four dimensions of Felder and Silverman’s assessment 
include the following: 

• active/reflective 

© 2011 IGIP                                                                                                             March 27 - 30, 2011, Santos, BRAZIL
XL IGIP International Symposium on Engineering Education

133



• sensing/intuitive 

• visual/verbal 

• sequential/global 

Four dimensions are “neither original nor 
comprehensive” [7] and represent either/or characteristics. 
For example, the active/reflective and sensing/intuitive 
dimensions originated from two well-known models, Kolb 
and Jung’s theory of psychological types, respectively [6]. 
The first dimension includes those learners who are either 
active or reflective. The active learner learns best with active 
experimentation [4], such as discussion, explanation, or 
testing the information gathered. A reflective learner prefers 
to absorb and think about the information individually [4]. 
The second dimension includes learners who are either 
sensing or intuitive. A sensing person is characterized by an 
affinity for “facts, data, and experimentation,” is “patient 
with detail,” and “good at memorizing facts,” while an 
intuitive person “prefers principles and theories,” “like[s] 
innovation and dislike[s] repetition,” and is “bored by detail 
and welcome[s] complications” [4]. The third dimension, 
visual/verbal, is represented by learners who learn best by 
receiving visual representations such as pictures, diagrams, 
and flow charts, or verbal information such as “written and 
spoken explanations” [8]. The fourth dimension includes 
learners who are either sequential or global. A sequential 
learner tends “to follow logical stepwise paths in finding 
solutions,” while the global learner tends “to learn in large 
jumps, absorbing material almost randomly without seeing 
connections” [10]. 

C. DATA COLLECTION 
Data for the study were collected from 357 students 

(spring 2008 to spring 2010) who were enrolled in IT 345, 
Automatic Identification and Data Capture (AIDC) at 
Purdue University. This course provided an introduction to 
data capture technologies such as bar codes, scanning 
technologies, card technologies, printing technologies, 
biometrics, and radio frequency identification, and the 
concepts of how deployment of these technologies affects 
business and industry. This 16-week course consisted of two 
main parts: in-class lecture and laboratory.  

For the in-class lecture, the instructor delivered the 
material in the form of slideshow presentations and 
discussions to engage student interaction during the class 
period. All course materials were made available 
electronically through WebCT Vista™, a technology that 
allowed students to print materials before class or view them 
during class using laptops. The structure of the class and the 
core AIDC technologies covered were the same from 
semester to semester. The same instructor conducted all of 
the in-class lectures. The laboratories, limited to no more 
than 10 students, employed hands-on activities and small 
group discussion. A cadre of graduate teaching assistants 

taught each laboratory section. The cadre had very little 
turnover from spring 2008 to spring 2010. 

Three instruments were used to evaluate if teaching and 
instructional delivery methods met the different categories of 
learning styles. The first instrument was the course pre-test. 
It was comprised of 145 items and was administered through 
WebCT Vista™. Each pre-test item was mapped to one of 
the 145 course learning objectives – one item per learning 
objective. This pre-test used a multiple choice and a short-
answer essay format and was unchanged throughout the data 
collection period. The course pre-test was given at the 
beginning of the semester. 

The 44-item ILS was the second instrument used for the 
study. The ILS was administered online [2] and tested 
students’ learning styles from among the four dimensions 
discussed in Background. Each of the four ILS dimensions 
can be depicted as a continuum. For example, the 
active/reflective dimension assesses where a student falls on 
the continuum with active learners at one end and reflective 
learners at the other end. The ILS results show where 
students fell along the continuum for each dimension (Figure 
1). Using the previous example, A represents active learners 
and B represents reflective learners.  
 

 
Figure 1.  ILS result. 

 
For this study, the result for each dimension was 

dichotomized (Figure 2). Again, using the previous example, 
if students were determined to be well balanced but landed 
toward the active learner end of the continuum, they were 
classified as active learners. Following this process for all 
four dimensions, if students were assessed as active, 
intuitive, visual and global, then they were classified as A-I-
Vis-G learners. The ILS questionnaire was administered at 
the very beginning of the semester for all students. 

 

 
Figure 2. Modified ILS result. 

Finally, the course midterm exam was the third 
instrument used in the study. The midterm exam was used to 
assess the learning because course content for the first half 
of the semester did not change much, if at all. The exam 
questions underwent slight modification during the data 
collection period, but the learning objectives on which the 
questions were based did not change. The midterm exam 
contained multiple choice and short-answer items. Students 
completed the midterm exam in class using bubble sheets 
and paper and pencil. 
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D. RESULTS 
The study tested the hypothesis that teaching and 

instructional delivery methods were inclusive with regard to 
student learning style. Students were classified based on 
learning style across all four ILS dimensions, creating 16 
possible learning style groups.  The pre-test scores were 
used to assess prior knowledge and to determine group 
equivalency.  The midterm scores were used to determine if 
students in the various learning style groups learned course 
content  the same or differently.  

Two tests were performed to determine group 
equivalency. First, pre-test scores were evaluated to 
determine if they were the same across all five semesters of 
the evaluation period. After checking the data normality, 
homogeneity of variance, and independence, the results 
indicated that an ANOVA was appropriate. The results of 
the ANOVA test are shown in Table I. 

TABLE I. SEMESTER  VS. PRETEST SCORE ANOVA RESULTS 

Source df SS MS F p-value 
Semester 4 255.9     64 0.95 0.437 
Error 352 23779.1 67.6   
Total 356 24035.0    

 
Table II presents the Tukey pairwise comparisons 

among semesters. Both ANOVA and the Tukey comparisons 
indicate there is no significant difference in pre-test scores 
across the different semesters.  

TABLE II. PRETEST SCORE TUKEY COMPARISONS 

Semester N Mean Grouping 
Fall 2009 61 52.651 A 
Spring 2009 75 52.414 A 
Spring 2010 76 51.642 A 
Spring 2008 75 51.195 A 
Fall 2008 70 50.256 A 

 
After classifying students according to the ILS learning 

styles, a second test for group equivalency was performed. 
Results of the pre-test scores across the 16 different learning 
style combinations’ ANOVA are presented in Table III. 

TABLE III. LEARNING STYLES VS. PRETEST SCORE ANOVA 

Source df SS MS F p-value 
Semester 15 1683.0 112.2 1.71 0.047 
Error 341 22352.1 65.5   
Total 356 24035.1    

 
This second ANOVA test had a low p-value = 0.047 

compared to alpha = 0.05. These values are indicative of a 
possible significant difference between some of the learning 
styles combinations. However, the Tukey pairwise 
comparisons (Table IV) indicate no significant differences 
between learning style groups on the course pre-test. 

 
 

TABLE IV. PRETEST SCORE TUKEY COMPARISONS  

Combination N Mean Grouping 
R-I-Vis-S 4 56.897 A 
A-I-Ver-S 2 55.862 A 
R-S-Ver-S 12 54.942 A 
R-I-Vis-G 10 54.689 A 
R-S-Vis-G 39 54.447 A 
A-S-Vis-G 58 53.502 A 
A-I-Ver-G 2 52.758 A 
A-I-Vis_S 21 52.381 A 
R-S-Ver-G 4 51.207 A 
R-S-Vis-S 46 50.540 A 
A-S-Ver-S 10 50.345 A 
A-S-Vis-S 105 50.121 A 
R-I-Ver-G 1 49.655 A 
A-I-Vis-G 34 49.635 A 
R-I-Ver-S 4 48.794 A 
A-S-Ver-G 5 43.862 A 

 
Both preliminary tests, semester vs. pre-test and 

learning styles vs. pre-test, indicate that no significant 
difference exists among students with respect to prior 
knowledge of course content. 

 After establishing that IT 345 students have a similar 
starting knowledge of the course material, student midterm 
exam scores were used to determine if teaching and 
instructional delivery methods were inclusive for all 
students. Table V show the results of an ANOVA of learning 
style vs. midterm exam scores. 

TABLE V. LEARNING STYLE COMBINATION VS. MIDTERM 
ANOVA RESULTS 

Source df SS MS F p-value 
Semester 15 1601.9 87.85 1.10 0.353 
Error 341 33051.3 96.9   
Total 356 34653.2    

 
 The p-value = 0.353 indicates there is no significant 

difference between learning styles. As before Tukey 
pairwise comparisons (Table VI) confirm the ANOVA 
result. 

TABLE VI. MIDTERM SCORE TUKEY COMPARISONS 

Combination N Mean Grouping 
R-I-Vis-S 4 93.060 A 
R-S-Ver-S 12 92.600 A 
R-S-Ver-G 4 90.071 A 
R-S-Vis-G 39 89.877 A 
A-S-Ver-S 10 89.790 A 
R-S-Vis-S 46 89.464 A 
A-S-Ver-G 5 88.903 A 
R-I-Ver-S 4 88.453 A 
A-I-Ver-G 2 87.849 A 
A-S-Vis-G 58 86.962 A 
A-S-Vis-S 105 86.730 A 
A-I-Vis-G 34 85.597 A 
A-I-Vis-S 21 85.280 A 
R-I-Vis-G 10 83.063 A 
R-I-Ver-G 1 81.429 A 
A-I-Ver-S 2 79.201 A 
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E.  CONCLUSION 
This study was conducted to determine whether the 

teaching style employed by the instructor and teaching 
assistants of IT 345 was sufficiently universal that all types 
of learners would perform equally well. The results indicate 
there was no significant difference in performance among 
the 16 different learning style combinations. This result 
indicates that the teaching methods used by the instructor of 
the course are sufficiently inclusive that all types of learners 
perform similarly in the course. The researchers will 
continue to collect data each semester to confirm the 
teaching method remains inclusive for all students enrolled 
in the course. Future research may involve evaluating the 
teaching style performance across the learning style 
combinations within each semester. 
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