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Abstract 

Learning styles is one of the most studied topics in the field of education and the research results have generated relevant changes 
in the teaching-learning process. Currently, there are several theoretical models that explain the characterization and development 
of learning styles from different points of view, some of them share concepts, while others completely differ. The research 
focuses on the learning styles of higher education students for improving the quality of the educational process at the university. 
The results allow the recognize the learning style preferences of college students from different careers, and enable teachers to 
properly guide the learning activities by selecting the best teaching strategies, thus contributing to raise the quality of education. 
The results are expected to be relevant for further researches. 
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1. Introduction  

The knowledge construction process is not the same for all students. The experience in the classroom offers 
evidence that, according to different factors, students interact in a different way with the information that is 
presented to them, representing different learning styles. These styles differ in the way of selecting and processing 
information, the predominant learning channels, and the forms of social interaction [1]. 
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Based on these assumptions, the following research question emerged: What are the learning style preferences of 

students from different careers at the University of Mumbai? In the Higher Education system, knowing the 
preferences for learning styles in students can help build environments where effective learning takes place. So, this 
research aims to analyze the learning style preferences of students from different careers at the University of 
Mumbai.  Learning style is a very important element to promote quality teaching. Researches conducted in the past 
few years provide evidence that learning styles are closely related to the way in which students learn, teachers teach, 
and how they interact in a teaching-learning relationship [2] [3] [4]. 

The interest for improving the educational conditions of students for achieving a quality education does not focus 
just on the teaching conditions, but in pedagogical or internal aspects of students, allowing to develop greater 
competencies in them. This interest arises from changes in the educational content that require not only to 
memorize, but to manage multiple sources of information in order to transform, relate and apply them. The results of 
international researches on learning styles have served to generate significant changes in the teaching process. In 
this sense, Hernández and Hervás report that some universities systematically apply the identification of learning 
styles in order to design teaching strategies in relation to the profiles of the students [5] [6] [7]. 

2. Method  

This research presents a mixed approach which is non-experimental and comparative in scope with a cross-
sectional design. The sample was composed of 1854 male and female college students from different careers as 
Psychology, Journalism, Arts, Philosophy, History, Education Sciences at the University of Mumbai in India whose 
ages range from 22 to 32 years, obtained using the proportional stratified probability sampling. The Honey-Alonso 
questionnaire (CHAEA) adapted by [8] was applied for collecting the data on learning styles. Normality and 
homoscedasticity tests were applied to determine the statistics according to each objective. The identification of the 
learning styles of college students was analyzed using descriptive statistics techniques. The differentiation of the 
styles according to each career was carried out with Analysis of Variance test (ANOVA) [9]. [10]. 

3. Results  

The participants were selected according to their careers in Psychology, Journalism, Arts, Science, Education, 
History, and Philosophy, taking into account that the members of different groups were similar in their 
characteristics in terms of age, gender, and course. The selection of the sample was performed using the proportional 
stratified sampling being composed of 12.524 students distributed as shown in Table 1. 

 
Table 1. Descriptive statistics of learning styles 

 
 N Minimum Maximu

m 
Mean Typ. Dev. 

ACTIVIST 12.524 2 21 11.12 3.235 

REFLECTOR 12.524 8 22 14.65 3.785 

THEORIST 12.524 4 22 12.74 3.364 

PRAGMATIST 12.524 0 22 11.10 3.852 

N valid (according to 
list) 

12.524     

 
The results obtained show that college students have greater preferences for the reflector learning style, followed 

by the theorist, pragmatist, and activist styles. In terms of [11], it would seem that attitudes, activities, and cognitive 
styles of scientific communities that represent a specific discipline are related to the characteristics and structure of 
the fields of knowledge with what they are professionally committed (see Table 2). Considering the distribution of 
styles depending on the career, it is globally observed that, in all the analyzed careers [12] [13], the reflector 
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learning style is clearly dominant above all others (see Table 3). The variance analysis test determined that there are 
statistically significant differences between the activist, theorist, and pragmatist learning styles according to the 
different careers (see Table 4). 
 

Table 2. Descriptive statistics of learning styles according to career 
 

Career ACTIVIST REFLECTO
R 

THEORIST PRAGMATIST 

Psychology 13.47 14.36 12.36 13.12 

Journalism 11.74 14.10 12.41 12.96 

Arts 11.10 16.63 14.35 12.75 

Education Sciences 11.82 14.47 13.47 14.64 

History 10.14 15.96 12.96 12.23 

Philosophy 8.25 16.47 9.47 4.67 

Total 11.87 15.96 12.65 12.52 

 
Table 3. F-test of Analysis of Variance (ANOVA) 

 
  

Sum of squares 
 
gl 

half 
quadratic  

 
F 

 
Sig. 

ACTIVIST Intergroups 415.475 6 82.365 7.6 ,000 
 Intragroups 3207.658 254 11.147 

 Total 3668.071 295  
REFLECTOR Inter-groups 157.058 6 29.685 2.85 ,010 

 Intragroups 2571.611 255 11.235 

 Total 3042.669 282  
THEORIST Intergroups 398.820 6 77.148 5.87 ,000 
 Intragroups 3719.904 285 13.875 
 Total 4107.724 290  
PRAGMATIST Intergroups 1514.352 6 302.247 29.2 ,000 
 Intragroups 2922.751 285 10.354 

 Total 4436.574 290  

 
Table 4. Descriptive statistics of learning styles depending on the genre 

 
                     Genre N Mean Typ. Dev Mean Typ. Error 

ACTIVIST Female 5000 11.35 3.245 ,242 

 Male 7524 10.24 3.778 ,357 

REFLECTOR Female 5000 14.75 3.325 ,278 

 Male 7524 15.41 3.012 ,252 

THEORIST Female 5000 12.75 3.347 ,285 

 Male 7524 12.14 4.378 ,496 

PRAGMATIST Female 5000 12.45 2.745 ,210 

 Male 7524 10.75 5.025 ,4 
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Considering the gender distribution, the results show that male students have obtained better averages in the 

reflector learning style, compared to female students who obtained higher scores in the theorist, pragmatist, and 
activist learning styles (see Table 5) [14] [15]. The results show that there is a statistically significant difference 
between the activist and the pragmatist learning styles of feminine gender compared to masculine gender (see Table 
6). 
 

Table 5. F-test of Analysis of Variance (ANOVA) 
 

 Sum of squares gl half 
quadratic 

F Sig. 

ACTIVIST Intergroups 182.341 2 181.365 15.752 ,000 

 Intragroups 3441.122 388 11.947 

 Total 3623.851 389  

REFLECTOR Intergroups 61.685 5 61.685 6.786 ,015 

 Intragroups 2946.324 388 10.252 

 Total 3007.769 289  

THEORIST Intergroups 22.361 8 22.347 1.856 ,212 

 Intragroups 4085.663 389 14.196 

 Total 4107.824 389  

PRAGMATIST Intergroups 362.352 2 362.514 25.581 ,000 

 Intragroups 4064.479 387 14.145 

 Total 4426.931 384  

 
Table 6. Descriptive statistics of learning styles 

 
Styles Psychology Journalism Arts Education 

Sciences 
History Philosophy 

Activist 12.68 11.70 10.98 11.68 10.68 9.35 

Reflector 14.74 14.96 15.35 14.47 14.74 17.54 

Theorist 12.96 12.35 14.47 13.12 11.35 9.67 

Pragmatist 12.90 12.25 12.85 13.35 13.47 2.35 

 
By analyzing each style [16] [17], it can be observed that, with regard to the activist style, the highest score was 

obtained in Psychology students and the lowest score in Philosophy students. Regarding the reflector style, the 
highest scores were obtained in Philosophy students who were the highest-rated. In relation to the theorist style, the 
highest scores were observed in Arts and Education Sciences, and the lowest score was obtained in Philosophy. 
Regarding the pragmatist style, the highest score was observed in Education Sciences and the lowest score in 
Philosophy. 
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4. Conclusión  

The results obtained after analyzing the preferences for learning styles of students from different careers allowed 
to conclude that college students have greater preferences for the reflector learning style followed by the theorist, 
pragmatist, and activist styles in students from different careers. The overall results show that reflector learning style 
clearly predominates over all the others in all analyzed careers. Even when a unique learning style was not found, 
students of Psychology, Education and History coincide in preferring the reflector style followed by the pragmatist, 
while students of Journalism, Arts, and Philosophy prefer the reflector style, followed by the theorist. In all careers, 
the lower score was obtained by the activist learning style. 

In order to establish differences in learning styles of students according to the career, the results show that there 
are statistically significant differences between activist, theorist and pragmatist learning styles. In relation to the 
learning style and gender, the results show that male students obtained higher averages in the reflector learning 
style, while female students obtained higher scores in pragmatist, theorist, and activist styles. In relation to the 
differences between genders, results show that there is a statistically significant difference between the activist and 
the pragmatist learning styles for feminine gender compared to the masculine gender.  

The optimum learning situation requires the combination of all teaching strategies considering the learning styles 
for obtaining academic excellence. This combination will allow students to enhance their cognitive skills to raise 
their maximum potential and be successful in their lives and professions. It is important to continue studying on 
learning styles since they conform a wide field of knowledge that is in constant change and adaptation according to 
the contents, students, and the context in which they develop.  
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