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Abstract - Attrition rates in junior years of technology-
focused programs, and particularly in engineeringhave
traditionally been higher than in humanities. Suchtrends
are worrying and efforts are needed to better undestand
our students that would in turn allow the university to
better plan and tailor their student success, retetion and
recruitment programs. The authors have recently steed
a longitudinal study that will follow a cohort of gudents
through their undergraduate education at the authos’
home university. As part of the study, a learning tyle
questionnaire was administered to over 700 students
September 2006. While previous studies used that
instrument with engineering students, the literatue
review found only one study that included humanitis
students. As well, the literature review found no dta on
gender differences, as students in engineering progms
tend to be overwhelmingly male. This paper aims to
contribute to the understanding of learning differences
by providing analysis of learning style differences
between genders and programs within the surveyed
cohort.

Index Terms — Learning Styles, Felder Model, Gender

Differences.

BACKGROUND

Attrition rates are much higher in junior years of

technology-focused programs than in humanities. thg
authors’ university, up to 30% of engineering studedrop
out at the end of their first year, a percentagectl when
compared with other technology-focused programswak,

in recent years technology-focused programs hawen be

experiencing drops in enrollment, and difficulties
attracting qualified candidates, while admissionsother
programs seem unaffected. Such trends are worgdghe
educators need to improve efforts to better undedst
students’ learning that would in turn allow the versity to
better plan and tailor their student success, tieterand
recruitment programs. The authors have recentlyagkeiol
on a multi-year investigation into retention issulesrning
differences and depth of learning aiming to impretuedent
success and engagement in technology-focused pnegai
their home university. The study will follow a cahoof
students through their undergraduate education frioair
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entry into the first year in Fall 2006 to their duation in
Spring 2010. The authors currently hold nationalele
government funding for the first three years of pheject.

According to Richard Felder, a pre-eminent engiimger
educator, three categories of individual differendeave
implications for teaching and learning: learningyles,
approaches to learning and intellectual developnievls
[1]. The authors want to develop a better undeditenof
student learning styles, maturity levels (emotional
competency) as they progress through the four{yemgram,
their response to instructional delivery methods] heir
perceptions of the effectiveness of those strasedike long-
term goal of the project is to investigate why thefined
outcomes of the learning process are significadiffgrent in
technology-focused programs when compared with
humanities, and to formulate recommendations on tow
improve retention and academic success of studants
technology-focused programs. As the first stephefdtudy,
a survey was administered to over 700 first yeadestts in
September 2006. This paper deals with preliminasults
obtained from the analysis of the survey, and rigtéd to
learning styles only.

FELDER M ODEL OF LEARNING STYLES

Learning style represents a manner in which learner
consistently respond to and process informatica lisarning
environment, and is defined by bipolar dimensionhile
the concept of the learning style is not univeysaticepted,
particularly among psychologists, the existing nsdef
learning styles paint a consistent picture of learn
differences and proved to be effective in tailoringtruction
to support learner needs [1]. Several psychomé&tits for
different learning models have been used in educati
research. In their research, the authors decidetiopt the
model developed in 1988 by Felder, an engineennfepsor
at North Carolina State University, with help ofypsologist
Linda Silverman that focuses on aspects of learsiytes
particularly significant in engineering educatid-[2]. The
model has four bipolar dimensions describing Pdioep
(Sensing-Intuitive), Input  (Visual-Verbal), Processing
(Active-Reflective) and Understandingséquential-Global) of
information, with scores in the range of 6-7 indiicg a
balanced learning style with mild preference eithery,
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scores in the range of 8-9, indicating a moderagéepence,
and scores in the range of 10-11 indicating styomederence
for a particular mode of learning. In 1991, the ghgymetric
assessment instrument, Felder-Soloman Index ofnimegr
Styles, was developed [3]. The
ambiguous and in public domain. The web-based tet;i
self-scoring version of the questionnaire gets axiprately
100,000 hits per year and has been translatedseneral
languages. Since its inception The ILS has goneutir
several iterations and many validation studieq$4]-

PLANNED INVESTIGATION OF LEARNING STYLES

While the ILS has been used in large studies teszss
learning styles of engineering students [7]-[9F therature
review identified only one study of business stusgn0],
one study of arts students [1], and none providedenthan
anecdotal speculation regarding possible gendercaltdral
differences in learning preferences, although laottas were
identified by Felder as worthy of further investigas [1].
The authors thus saw an opportunity to make a itotitn
to the existing research on the ILS based on theiess to
student populations not previously included in atydies
(i.e. arts students, women and students of diveustiral
backgrounds).

The planned longitudinal study will include an
investigation of aself-selection effect, where students with
certain learning style preferences seem to chogsetecular
field of study. For example, percentage of viswedrhers
among engineering students is much higher than grtiom
general population. Between 70% and a staggerifg 66
engineering students are reported to be visuahéear[1],
[6], compared with 60% of high school students [1A]
majority of engineering students also prefer actearning,
where they process information through physicalvigt
discussion, group work and meaningful projectstirato
the “real world”. Yet there is a mismatch betweérse
preferences and traditional engineering instructia is still
overwhelmingly verbal, theoretical and lecture la$g].
This mismatch is believed to contribute to highritiin
rates, poor academic performance, disillusionmieait some

students experience within a program, and negative

perceptions about careers in engineering. The &atho
hypothesize that similar patterns are at work acraB
technology-focused programs.

The authors will also investigate whetherfidering
effect is taking place, whereby diversity of the studeatly
(as expressed by their learning styles) is redumedhey
progress through the program. Their speculatiorardigg
the filtering effect is based on the fact thatrlitere review
reveals differences in distributions of learningless among
students and faculty as well as between seniorjamidr
level students [12]-[14]. Styles of senior and gzt
students are more aligned with the faculty, wHilese of the
lower level students’ are more divergent. Some sesgthat
the learning styles of students undergo transiti¢i3],
possibly as a result of the effect the particulesgpam of
study has on the students’ learning strategies featuits.
However, this theory is untested, since it has lzsserted in
the literature that learning style preferences db ahange
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ILS is simple, non-

over time, regardless of the content matter or Hieac
methods [15]-[16], though Kolb [17] suggests thaey
become less pronounced as learners mature andogevel
cognitive flexibility.

Other studies show high correlation of the learning
style assessments over time [4]-[5], supporting the
hypothesis of learning styles being a constant. tildius, a
longitudinal study is necessary to investigatehd shift in
learning styles of individuals within a cohort aalty takes
place over time. In fact, a more compelling podisybior the
changes in style distributions over time is that tyle of
teaching prevalent in the field adversely affettslents with
learning styles not supported by it. This wouldateethe
filtering effect of traditional learning environmisn where
learner differences are not acknowledged. Studeisse
learning styles are consistently not supporteds thave
more problems remaining in their programs and dvopat
higher rates [1]. Such “filtering” would reduce digity of
styles among the graduates, urgently needed byadmdy-
focused professions.

Indeed, while engineering students on our campaises
now more ethnically diverse than ever, participatiof
women in engineering in North America, after a deupf
decades of progress, has stalled around 20% afattirhas
started to decline. Similarly, most creative, thigkoutside-
the-box prospective students are turned off by iticawhl
approaches to education and a silo mentality thatpates
the technology-focused field. Currently, successtudents
seem to be those most resembling their professossuidy
habits. While this may make them good candidatesiteive
the rigors of a graduate program (and become adagdem
themselves), since only a small fraction will caog on into
graduate school, the skill sets they develop whilgheir
undergraduate program may not be the best matcha for
successful technology-focused professional. Thuse t
possible “filtering effect” of technology-focusedograms
warrants a serious investigation that will be pded in this
study. If its existence is confirmed, it would piwe useful
insights into retention issues.

METHODS

The research protocol for the study was approvedhiey
Ryerson Research Ethics Board. Student participatias
voluntary, and all participating students were dst@ sign
an informed consent letter. The students were xpbdsed to
any risks or reprisals for refusal to participatethie study.
Volunteers for this study were drawn from threetidet
student bodies on campus: engineering, businesgemetal
humanities programs. Students for the experimesuabrt
(technology-focused programs) were recruited from
Engineering, and Information Technology (IT) Managat
programs. The study will track the students frortryemto
their first year in Fall 2006 to their graduatiom $pring
2010. Four different questionnaires will be adni&vied to
the participants at different points of their pragr, and
Focus Groups (FG) will be held with a smaller gronip
students on a yearly basis and taped for latesassnt. The
first round of surveys, completed in September 20GG]
more than 700 volunteers. At the time of writindiet
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encoded data base included 503 entries from fastester
students. That number included 298 engineeringesiisdand
84 Information Technology Management students, ttoage
comprising Technology-Focused (TF) cohort, and ot
111 responses from the Humanities-Focused (HF) reoho
There were 357 ILS responses from male studentslafd
ILS responses from female students. For this pather,
authors focused only on the analysis of the ILS pathe
surveys collected.

(66%). This is consistent with previous researcit ghows
the vast majority of students in technology-focused
programs, are visual learners who achieve moreestibj
related understanding from pictures, diagrams or
demonstrations [3],[5]-[10]. Their numbers are minpher
than in the general population [11]. The 90% ofskkdents
who were Visual learners is consistent with varistigdies
quoted by Felder [6] where that percentage variech f70%

to 95%. The roughly 60%-40% split in favor of Aatiand

Since the ILS questionnaires included in the currenSensing modalities is also very consistent withlifeeature

analysis were completed by the students who arrimed
campus in the same month the survey was donee#neihg

style distributions represesg!f-selection patterns among the
students who chose a particular field of study. ptened
longitudinal study will examine whether the leaistyles
of individual students remain stable throughouirtbtay in

the program, or whether the nature of the progtaeifihas a
modifying effect on the students’ styles. It willsa track

retention rates for students with different leagnstyles to
identify the possible filtering effect.

RESULTS AND DISCUSSION

The distribution of genders among the TF cohort 8&a8%
male vs. 14.7% female, compared with an opposgadtr
among the HF cohort (27.9% male vs. 72.1% female¢se
two distributions are almost diametrically opposite
consistent with the well-known fact that technoldggused

and supports the model construct that assumesstidgnts
in technology-focused programs show preferenceafive
learning in a context of real-life applications, evé they can
engage with the subject in a meaningful way angrtzess
information through physical activity, discussion group
work [6]-[9].

Finally, the 65%-35% split in favor of Sequentiahyw
of organizing knowledge is also consistent with the
theoretical construct of the model showing thatieeering
students tend to prefer an orderly progressionutjinctopics
and subjects without questioning underlying coninestand
with performing tasks with only a partial understang of
the subject. The construct also acknowledges thktyeof
traditional styles of instruction in engineeringpdeiments
that reinforces these tendencies through an ovianoe on
sequential lectures and rarely demands of studentsore
holistic approach to understanding [6]-[9].

cohorts tend to be predominantly male, in itseliself- TABLE Il
selection pattern. Table | shows bimodal distritwsi of DIFFERENCES INBIMODAL DISTRIBUTIONS TE V'S, HIF COHORT
. . . . TF Active Reflective Sensing Intuitive
learning styles among Engineering and Businessestsd
There were no statistically significant differendestween (',\'/oumber 5272;% igll% gg‘;% ;ggl%
these two cohorts, thus confirming the validity tfe [F Active Reflective | Sensing Intuitve
approach where these two cohorts are consideregarafvle [ Number 63 48 28 83
and are combined into one group referred to asriadogy- [% 56.8% 43.2% 25.2% 74.8%
Focused (TF) cohort. x?Pprogram x?=0.055 x?=71.856
differences p=0.815 p=0.0001**
TABLE | TF Visual Verbal Sequential | Global
DIFFERENCES INBIMODAL DISTRIBUTIONS: ENG. VS. BUSINESS NUmber 324 38 52 150
Eng Active Reflective Sensing Intuitive % 90.1% 9.9% 66.0% 32.0%
(l)\lumber 173 125 190 108 HF Visual Verbal Sequential | Global
% 58.1% 41.9% 63.8% 36.2% NUmber =5 % 6 =
Bus Active Reflective Sensing Intuitive % 71.2% >8.8% 68.5% 315%
Number | 48 36 54 20 7 program P =44174 7 =56.992
%2 o7.1% ; ngzég% 84.3% . 00135'7% differences p=0.0001** p=0.0001**
giﬁzri?]r:erz 2:0.566 );:0.520 ** Significant at the 0.01 level (2-tailed).
Eng Visual Verbal Sequential | Global
Number 270 23 196 100 As Table Il shows, the participating HF studentgewve
% 90.6% 9.4% 66.2% 33.8% also predominantlystrongly or moderately Visual learners
Bus Visual Verbal Sequential | Global (71%), which is consistent with a documented shiitr the
(’)\‘/oumber 875‘1% :]L-](?Q% Zg — 2351 — last half a century in North America in informatiémtake
“rogram : 0oL . YR preferences_among t_he general _populatlon from md)sxdt—
X X X based to visually-oriented, attributed to an explosof
differences p=0.431 p=0.886 visual media and computers [11]. However, the pesme

Table Il shows bimodal distributions of learningles
for the Technology-Focused (TF) cohort and the Huities
participating TF
overwhelmingly Visual learners (90%). They were oals
predominantly Active (58%), Sensing (64%) and Setjae

(HF)

** Significant at the 0.01 level (2-tailed).

cohort.

The
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students

of those students who were Verbal learners is mhigher
among the HF cohort than among the TF cohort (2%% v
10%, respectively), and the difference is statidiyc
significant, as shown in Table Il. The differendsstween
the two cohorts are even more striking, and stediy
significant, for Processing and Understanding disiams,
where HF students were predominantly Intuitive (J%d
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Global (69%). Larger percentages of Verbal learaeus the
predominance of Intuitive and Global learners sdenie
consistent with the nature of humanities prograrat t
emphasize research and assimilation of large diemtof
assigned readings, development of communicatidfs skid
a holistic approach to understanding of the domAinthe
same time there is less room for practical expeartate®n so
favored by Sensing learners.

In both cohorts in the current study an almost tideh
percentage of students are Active learners (57ri%ed TF
cohort vs. 56.8% in the HF cohort) and the Actived a
Reflective preferences are the most balanced. &niile
Input dimension, where the vast majority of alldgtots are
moderately or strongly Visual (the mean Visual scfaor the
TF cohort was 8.40 out of 11 vs. 7.02 for the HRazt), the
mean scores for the Active mode of learning werechmu
lower (6.05 for the TF cohort vs. 6.0 for the HFho),
indicating a prevalence of a balanced learningestyith
only a slight preference for Active learning. This
consistent with the very mechanism of how learniakes
place, best elucidated by who introduced the cancép
“experiential learning cycle” [17]. All learners e to
experience and experiment, but also to reflect amalyze

(TF vs. HF). Since the HF cohort is overwhelminfgynale
and the TF cohort is overwhelmingly male, the doest
remains whether these differences are gender aramo
based. Table IV and Table V show gender distrilmstio
within the programs.

TABLE 11l
DIFFERENCES INBIMODAL DISTRIBUTIONS BY GENDER

Male Active Reflective Sensing Intuitive
Number 207 150 207 150
% 58% 42% 58% 42%
Female Active Reflective Sensing Intuitive
Number 77 59 65 71
% 56.6% 43.4% 47.8% 52.2%

yprogram x2=0.261 x?=14.854

differences p=0.603 p=0.0001**

Male Visual Verbal Sequential | Global
Number 89.9% 10.1% 321 36
% 321 36 89.9% 10.1%
Female Visual Verbal Sequential | Global
Number 102 34 68 67
% 75% 25% 50.4% 49.6%

yprogram x2=42.361 x2=16.813

differences p=0.0001** p=0.0001**

and thus tertiary level learners are expected teeha

developed a degree of cognitive flexibility thalbals them
to be Active learners at some times, and Refledivether
times.

It has been suggested that the differences in itegarn
preferences between programs may be linked to gedar
proportion of enrolled female students. Van Zwarmggbin
his study [10] of business vs. engineering studexttshe
University of Newcastle, UK, found significant difences
between these two populations in bimodal distrimgion all
dimensions, and speculated that it may be conneotdlde
fact that there were many more females among bssin
students than among engineering students, but did
provide detailed gender distributions between the t
cohorts. Because studies using the ILS questioaaird to
focus on engineering students, which traditionadye
overwhelmingly male, the literature review did riioid any
other examples of gender differences analysis amniag
preferences. The current study represents thus iguein
opportunity to study these.

Table Il shows bimodal distributions of learningyles
for the male and female students. Both male andaliem
populations show similar preference for Active moale
learning (57% of females vs. 58% of males). Howetlesre
are significant differences on other dimensionsré/male

learners are Sensing (58%) and Sequential (62%)le wh

more female learners are Intuitive (52%), with Glolnd
Sequential learners split equally among women. Boéte
and female students are overwhelmingly Visual leexnbut
the differentiation between the two genders is gttengest
in this dimension, with a significantly larger prmgion of
Verbal learners among female students (25% vs. 49fng
males).

A comparison of Table Il and Table Il shows that

differences in bimodal distributions between maled a
female populations on Perception, Input and Undadshg
dimensions are very similar to those between tleedshorts

Coimbra, Portugal

** Significant at the 0.01 level (2-tailed).

TABLE IV
DIFFERENCES INBIMODAL DISTRIBUTIONS BY GENDER, TF COHORT
TF Male Active Reflective Sensing Intuitive
Number 188 138 201 125
% 57.7% 42.3% 61.7% 38.3%
TF Female | Active Reflective Sensing Intuitive
Number 33 23 43 13
% 58.9% 41.1% 76.8% 23.2%
y2program x?=0.036 x2=5.422
differences p=0.849 p=0.020*
TF Male Visual Verbal Sequential | Global
INumber 297 29 213 113
% 91.1% 8.9% 65.3% 43.7%
TF Female | Visual Verbal Sequential | Global
Number 47 9 39 17
% 83.9% 16.1% 69.6% 30.4%
y2program x?=3.558 x2=0.458
differences p=0.059 p=0.498

** Significant at the 0.01 level (2-tailed).
* Significant at the 0.05 level (2-tailed).

Out of the eight comparisons made in Table IV aabl& V
(i.e. male vs. female distributions on four dimensi within
the two cohorts), there were no statistically digant
differences in six. The difference within the TFhoot on
Sensing-Intuitive dimension is statistically sigeait (at
0.05 level) with more TF female students with a shem
learning preference (78% vs. 62% among males). eTfer
also a statistically significant difference withime HF cohort
on Sequential-Global dimension, with significantiypre HF
male students with a Global learning preference6@ovs.
63.8% among females). However, the samples of femE&l
and male HF populations were small (n
respectively), reducing the impact of such diffeesnon the
overall cohorts.

September 3 — 7, 2007

International Conference on Engineering Education 4CEE 2007

17 and 31,



TABLE V

DIFFERENCES INBIMODAL DISTRIBUTIONS BY GENDER, HF COHORT

students in Technology-Focused programs, and stgyties
gender is not a significant factor in distributiosislearning
styles. However, significant differences in thossributions
between the TF and HF cohort show promise of isterg

HF Male Active Reflective Sensing Intuitive
Number 19 12 6 25
% 61.3% 38.7% 19.4% 80.6%
HF Female | Active Reflective Sensing Intuitive
Number 44 36 22 58
% 55.0% 45.0% 27.5% 72.5%
y2program | ,2=1.334 x?=3.400

differences | p=0.248 p=0.065

HF Male Visual Verbal Sequential | Global
Number 24 7 6 25

% 77.4% 22.6% 19.4% 80.6%
HF Female | Visual Verbal Sequential | Global
Number 55 25 29 51
% 68.8% 31.3% 36.3% 63.8%
y?Pprogram x?=3.439 x?=14.630
differences p=0.064 p=0.0001**

** Significant at the 0.01 level (2-tailed).

SUMMARY

insights to follow in the future stages of the @sé.

(1]

(2]

(3]

(4]

In summary, a strong evidence of self-selection5]

mechanisms among the first year students was adxberv

suggesting that the programs tend to attract ptipawith
different learning preferences, consistent with ginegram
focus. Based on the analysis of the present santpi@uld
seem that gender has minimal effect on the learsinte
preferences, although further analysis of gendterdnces
may still be warranted. The observed bimodal distions
for students in Engineering are very consistenthvilie
theoretical model, proposed by Felder [1]. Theritigtions
for Business students were not significantly défar thus
justifying lumping these two programs together iatol F
(Technology-Focused) cohort for the purpose of shisly.

The bimodal distributions found in the HF (Humagsti
Focused) cohort were almost opposite to those énTh
cohort, which seems to be consistent with the requénts
of the program. However they are not consistenh wlite
only study of humanities students found in therditare
review [1]. A study of 235 humanities students ield®
Horizonte, Brazil, found them to be mostly Verbahiners
(61%), while only 29% of the HF students in therent
study were. The Brazilian study also showed thaisiBe
and Sequential learners accounted for 62% eachpamd
with only 25% and 32%, respectively, of the HF adho
the current study.

One possible explanation may be that specificshef t
single quoted study cannot be generalized. For pkanwve
do not know whether the general population in Brézi
predominantly Visual, as it is in North Americantarly,
since there seems to be a self-selection compoirent
choosing a program of study, perhaps there areurallt
components to the Brazilian humanities curriculuhatt
affect the distributions. It is also entirely pdmsithat it is
the HF students in the current study at Ryerson afgoa
distinct population, where learning preferencesnoarbe
generalized. In either case, the ILS scales inecaraf the
humanities programs should be further investigated.

In summary, the initial analysis supports the argho
original assertion that the Engineering and Busirstadents
can be considered together as the representatiupleaof
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(6]

(7]

(8]

(9]

(10]

(11]

(12]

(23]

(14]

(15]

(16]

(17]
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