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Abstract: The paper explores and assesses, through quantitative research and data analytics models, 
as to how socio-demographic profile, work, and family responsibilities may be associated with 
motivational level and educational attainment or course completion rate of learners enrolled in the 
undergraduate courses of Indira Gandhi National Open University (IGNOU), the largest distance 
education University in India. The models, generated using classification tree methods, show that 
employed and married learners perform better in distance education. Assessing underlying reasons, an 
empirical study using the Keller’s ARCS (Attention, Relevance, Confidence, Satisfaction) framework 
reveals that course relevance and level of satisfaction while pursuing the study are the two most 
important factors in keeping distance learners motivated and achieving better academic performance. 
The quantitative survey also shows that the employed learners have significantly higher levels of 
motivation, while the others may have difficulty in maintaining their self-motivation during distance 
learning. The findings are important for Open and Distance Learning (ODL) institutions to understand 
students' varied expectations of the distance learning experience and the consequences on their 
motivation levels and academic performances when these expectations are not met.  
 
Keywords: Academic Performance, ARCS Model, Classification Tree, Data Analytics, Educational Data 
Mining, Motivation, Learners’ satisfaction, Open and Distance Learning, Socio-demographic Profile, 
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Highlights 

What is already known about this topic: 
• The underlying reasons for better academic performance in distance education are related to 

learners’ motivation. 
• Low motivation levels are also contributing factor to low retention rates in distance education. 
• Learners’ satisfaction plays a pivotal role in improving motivation for distance learners. 

What this paper contributes: 
• This study employs a hybrid research methodology deploying the undergraduate student 

database of IGNOU learners as a data source for the generative research using classification 
tree models for formulating hypotheses.  

• These hypotheses are then validated through evaluative research by analysing the empirical 
data obtained through a structured questionnaire sample. 

• This paper identifies key demographic variables that potentially influence motivation level of 
distance learners. 

 

Implications for theory, practice and/or policy: 
• The findings of this paper provide valuable insights in understanding students’ varied 

expectations from the distance learning experience and the consequences on their motivation 
and drop out levels when these expectations are not met adequately. 

• The findings can be utilised for initiating appropriate policy and programmatic interventions for 
enhancing motivational level of distance learners and thus reducing their dropout rate. 

• The paper demonstrates the potential of data analytics as a generative research tool in the 
domain of Distance Education.  

http://asianjde.com/
http://www.asianjde.com/
https://creativecommons.org/licenses/by/4.0/
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Introduction 
 

In the Open and Distance Learning (ODL) system, the learners’ active involvement, enduring 
commitment and academic success depends upon their motivation level. The ODL learners have greater 
responsibility for their own learning as they study in isolation with limited support from teachers or peer 
groups (Schamber, 1994). In such a challenging situation, motivation plays a crucial role in ensuring 
that learners take an active role in their studies, set achievable goals, and work consistently towards 
achieving them. 

 
ODL learners are generally of a higher age group, having greater work and family responsibilities than 
students enrolled in on-campus courses (Harris & Gibson, 2006; Ortagus, 2017). Multiple roles of ODL 
learners are often attributed to having a significant impact on their learning experiences and academic 
performance (Waterhouse et al., 2022). Therefore, motivation becomes indispensable for ODL learners 
to confront challenges in their educational journey. Motivated learners are also more likely to seek 
assistance when needed and are better at managing their time and prioritizing their studies, leading to 
successful course completion. 
 
Learners’ satisfaction contributes to an effective learning environment and improves students’ 
motivation, which is considered imperative, especially among distance education students for better 
academic performance (Bolliger, 2004). In this context, the ODL providers must play a key role to 
formulate strategic approaches for enhancing and sustaining learners’ satisfaction and motivation level.  
This can be achieved through appropriate measures such as designing courses that are relevant as well 
as engaging, providing timely feedback, creating opportunities for interaction and collaboration, offering 
support and resources etc., that are tailored to meet learners' distinct requirements.  
 
It is often perceived that instructional design is the key-component of the distance learning process for 
enhancing and sustaining motivational level and ensuring continued involvement of ODL learners. 
However, it is observed that even though uniform instructional facilities are made available to all 
students, different category of students’ feel varied satisfaction and motivational level while pursuing 
their courses, thereby affecting retention rate and academic performances.  

 
Literature 

 
The correlation between learners’ satisfaction and academic performance is generally explained by 
students' interaction with instructional design, learning materials, and their own abilities in navigating 
learning environments (Kuo et al., 2013; Wei & Chou, 2020; Eom & Ashill, 2016). Zeytinli et al. (2023) 
argued that satisfaction level of the ODL learners is one of the most important indicators in assessing 
the effectiveness of the distance education. Researchers have also explored the role of other factors 
such as employment and family as a source of motivation or challenges for learners. Buck (2016) 
explored the role of family as a source of motivation to study, namely to improve the family's future 
financial prospects or to be a role model for children or younger siblings. Park and Choi (2009) argued 
that other variable components that change over the course, such as satisfaction and relevance of the 
course, family and organisational support, etc., also influence learners' decision to pursue the course or 
not.  

 
Astin (1991) emphasised that full-time learners are more likely to leave the course prematurely because 
they may find lesser time to complete the course requirements. This is corroborated by another study 
which shows that learners, who are married, employed, remotely located or in an older age group are 
most likely to drop out of the course (Yasmin, 2013). Waterhouse et al. (2022), who surveyed a sample 
of 318 distance learners in the UK, concluded that students' work and family lives affect their satisfaction, 
but this influence is correlated to their prior educational attainment. However, the study pointed out the 
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limitation that it was conducted on a homogeneous sample of women (87.74%) with a higher age group 
(30 years and older, which constituted 74.5% of the sample). In another study, Simons et al. (2020) 
found that a combination of family, tutors and employers provided the support that enabled them to 
complete their studies in distance education. Personal and social factors of leaners often impact the 
availability of time and access to the technological tools and resources necessary for distance learning, 
thus affecting their satisfaction level in the course of study (Karadağ et al., 2021; Ahmed et al., 2020). 
In contrast, in a Brazilian distance education context, Nasu (2020) concluded that employed students 
perform better than their unemployed peers and that married students perform better than their single 
peers. Generalising the scenario, Singh et al. (2012) concluded that there is lack of extrinsic motivation 
in ODL system, which results in higher dropout rates. 
 
Underlying the reasons, researchers argue that student motivation and self-regulation are of great 
importance in distance education, especially in the context of the competing demands of family and 
work (Clarence, 2019; D'Errico et al., 2016; Pekrun et al., 2011). Conducting a causal explanatory-based 
study, using multiple regression analysis in the context of an Indonesian University, Setiawan et al. 
(2020) concluded that academic achievement is determined by the intrinsic motivation of its students. 
In general learning context, Schunk (1995) opined that motivation influences what, how and when 
students choose to learn. Studies also linked motivation to individuals' cognitive and affective processes 
such as goals and beliefs, and emphasised the importance of the interaction between learners and the 
learning environment (Brophy, 2010). Motivation is also related to learner satisfaction (Artino, 2007), 
perceptions of learning (Kickul & Kickul, 2006) and academic achievement (Yi & Hwang, 2003). 
Motivation as a predominant factor in interpreting successful learning and achievement is also advanced 
by some studies (Schunk et al., 2008; Radovan, 2011; Wentzel, 2013). 
 
ODL learners have diverse motivations to join distance courses and thus they cannot be considered as 
a homogenous group (Yasmin, 2019). Learners may be motivated to enrol in distance learning to 
advance their careers or improve their job performance (Cannon et. al., 2001). However, once enrolled, 
the reason for sustaining the learning depends on incentive motivation, where individuals strive to 
achieve a pre-determined or perceived goal or target (Gagné & Driscoll, 1988). It is therefore important 
to foster learner motivation throughout the course in order to reduce dropout rates in distance learning 
programmes. The definite relationship between motivational factors and dropout is complemented by 
research which shows that low motivation levels are a contributing factor to low retention rates in 
distance education (Artino, 2007; Keller, 2008; Gorky, 2014; Herbert, 2006; Joo et al., 2011; Lee & Choi, 
2013). 
 
Among several conceptual frameworks for understanding the motivational aspects of learning, the 
ARCS model (Keller, 1983) is a well-known and widely used model of instructional design. The ARCS 
model is based on four categories, namely Attention (A), Relevance (R), Confidence (C) and Satisfaction 
(S), which provide a basis for analysing the characteristics of learner motivation. The framework is also 
used to identify deficiencies in specific areas of learner motivation so that remedial strategies can be 
developed. Although it was not originally developed for distance education, the ARCS model has 
become popular to diagnose learner motivation in distance education courses and subsequently 
improve it through appropriate instructional design (Keller, 2008; Keller & Deimann, 2012; ChanLin, 
2009; Hodges & Kim, 2013).  
 
The literature review shows that motivation is an important factor in distance education. It plays a key 
role in influencing the academic achievements and retention rates of the distance learners especially in 
the context of the work and family pressure. 
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The Context 
 

Headquartered at New Delhi, Indira Gandhi National Open University (IGNOU) is the largest ODL 
Institution in India. IGNOU has a countrywide network of 69 Regional Centres and over 2000 learners 
support centres. Every year around 0.6-0.7 million students from diverse social and demographic profile, 
are freshly enrolled in various academic courses of IGNOU. On an average, IGNOU has a cumulative 
strength of about 3-4 million students. During 2022-23 academic year (July-June), around 720,700 
students took admission in over 300 programmes comprising of certificate, diploma, undergraduate, 
postgraduate, and doctoral courses. Out of these students, about 50.3% are female, 23.6% married and 
20.3% are employed. While IGNOU follows a uniform instructional approach such as  printed study 
materials, grading and assignments, student support services etc. to students irrespective of their 
locations and socio-demographic profiles, it is observed that the completion rate vary widely among 
different category of students namely married versus unmarried, employed versus unemployed and 
male versus female.  

 
Research Objective 

 

In the above context, this study seeks to explore through quantitative research and data analytics how 
the socio-demographic profile, work, and family responsibilities may be associated with the motivational 
level of ODL learners. It will also examine the impact of learners' motivation on their academic 
achievements and course completion rates.   

The study further proposes to identify the specific categories of students who are likely to excel in the 
academic persuasion, leading to successful completion of the courses. It will also find out the underlying 
reasons contributing to the varying academic achievements of ODL learners.  

 

Methodology 
 

In recent times, Educational Data Mining (EDM) and Generative Artificial Intelligence (AI) are 
increasingly recognized as potent tools in educational research, especially within online learning 
environments (Davies et. all, 2021; Su and Lai, 2021; Bozkurt & Sharma, 2023a). These technologies 
are acknowledged for their capacity to provide personalised and adaptive online learning experiences 
(Bozkurt & Sharma, 2023b). Among different EDM models, ‘prediction models’, ‘structure discovery’, 
‘relationship mining’ and ‘discovery with models’ are the most common (Baker & Inventado, 2014). 
Analysing learners' demographic data is considered a favoured method for predicting their academic 
achievements and assessing the effectiveness of learning materials (Khare, 2017). 
 
The study employs a sequential hybrid research method that involves a two-part quantitative data 
analysis of both primary and secondary data sources. In the first part, a generative research 
methodology is used for identifying the problem areas. The student admission database of IGNOU 
serves as the secondary data source for targeted knowledge discovery employing Educational Data 
Mining (EDM) methodologies. Predictive modelling using classification tree model, among others, is 
preferred for this purpose as it offers the best approach for predictions when it comes to demographic 
data such as student information, which is predominantly categorical in nature. The primary objective of 
this phase is to construct models that can predict which categories of IGNOU students perform better 
academically than their peer group. Subsequently, research hypotheses are formulated based on these 
models. The second part involves the application of an evaluative research approach using statistical 
analysis to investigate the underlying reasons for the problem areas. The research hypotheses, 
developed in the preceding section, are validated using primary data sources obtained through a 



Asian Journal of Distance Education Yasmin 

 

38 

 

structured questionnaire survey using statistical methods. Responses are obtained from randomly 
selected students enrolled at IGNOU, encompassing both in-person interactions and online surveys. 

Data Collection and Analysis  

The admission and pass out data of 10, 64,315 students enrolled in IGNOU's undergraduate or bachelor 
degree programmes between 2011 and 2015 is used as the baseline database. Since majority of 
students (85-90%) complete the undergraduate programme within four years of admission, a gap of at 
least four years between the date of admission and the date of graduation is ensured for the longitudinal 
analysis.  

The target or response variable (RV) chosen in this study is the student's degree completion status of 
the student. The status can be either 'Completed or Passed and graduated' or 'Not completed or dropped 
out'. Based on the results of the literature review, socio-demographic variables of the students such as 
gender, marital status and employment status, age group, social status and region are used as 
independent or explanatory variables for predicting the response variable (RV). 

The data set is analysed using SPSS (version-23). The descriptive statistics of the admission data 
shows that (Table-1) the student population is a heterogeneous mix with a strong bias towards males 
(61.27%), single (61.60%), unemployed (72.6%) and lower age group (< 25 years) (55.9%). The overall 
pass out or completion rate is 36.40%. 
 
Table 1. Descriptive statistics of students’ data of bachelor degree programme 

Category Sub Category Number Percent Category Sub Category Number Percent 

Gender Male 652146 61.27 Age Group 
(in Years) 

<25 595572 55.9 

Female 411833 38.7 26-35 325362 30.6 

Others 336 0.03 36-45 118184 11.1 

>45 25197 2.4 

Category Sub Category Number Percent Category Sub Category Number Percent 

Marital Status 

 

Married 408896 38.4 Employment 
Status 

Employed 291212 27.4 

Single 655419 61.6 Unemployed 773103 72.6 

Course 
Completion 
Status 

Not 
Completed 

676980 63.6 

    

Completed 387335 36.4     

To gain deeper insight, the classification tree method is applied to the entire data set, with half of the 
data (50%) used for training and the rest for testing or prediction. In applying this method, care is taken 
to achieve a higher prediction accuracy of the response variable (RV='Completed') than the overall 
prediction, which includes learners who are unlikely to complete the course (RV= "Not Completed"). 
This is necessary to minimise the possibility of misclassification of the response variable. The result is 
tabulated in Table-2. The model is able to predict about 40.2% of the target class of learners 
(RV='Completed') in the test data set, for an overall prediction rate of about 72.4%. 
 
 



Asian Journal of Distance Education Yasmin 

 

39 

 

Table 2.  Classification tree model 
Sample Observed Predicted 

Not Completed Completed Percent Correct 

Training 
(50%) 

Not Completed 308155 31036 90.80% 

Completed 116596 76955 39.80% 

Overall Percentage 79.70% 20.30% 72.30% 

Test (50%) Not Completed 306913 30876 90.90% 

Completed 115926 77858 40.20% 

Overall Percentage 79.50% 20.50% 72.40% 

Growing Method: CHAID, Dependent Variable: Pass Code, Independent Variables- Gender, Marital Status, Employment Status. 

Since the overall prediction is more than 70%, decision rules are developed to gain insights into the 
classification tree model. The decision rules show that employed learners are more likely to complete 
the course (64.2%) than unemployed learners (25.9%). In addition, married learners are more likely to 
complete the course (46%) than their single counterparts (30.3%). Overall, female learners have a 
higher completion rate (44%) than their male counterparts (31.6%)  

Thus, it can be seen that the completion rate is more for working, married and especially female learners 
who have to balance multiple areas of life, such as work and family, while pursuing a distance learning 
programme. The literature review shows that the motivation of distance learners plays a key role, 
especially in the context of the work and family demands (D'Errico et al., 2016; Pekrun et al., 2011). 
Therefore, motivation levels should also have a positive correlation with retention and completion rates 
of distance learners.  

Accordingly, the following hypotheses are formulated: 
Hypothesis-1(H1): The employed learners are more motivated than unemployed learners. 
Hypothesis-2(H2): The married learners are more motivated than unmarried learners. 

Empirical Survey 

In order to test the above hypotheses, a structured questionnaire survey is conducted to collect 
responses from students enrolled at IGNOU. The questionnaire consists of two sections. While section 
A captures the demographic data of the learners e.g. age group, gender, marital status, employment 
status etc., section B contains 24 (twenty four) survey items classified into four broad categories namely 
Attention (A), Relevance (R), Confidence (C) and Satisfaction (S) as per the ARCS model to ascertain 
the motivation level of the different categories of students. The survey items are selected based on 
literature review and consultation with domain experts. The response options in section B are based on 
a 5-point based Likert scale [Strongly Agree (5); Agree (4); Neither agree nor disagree (3), Disagree (2) 
and Strongly Disagree (1)] to enable meaningful statistical analysis. Of these 24 questions, 6 are 
rephrased in reverse to ensure that respondents give consistent answers. In addition, respondents are 
asked to write down a few lines on various aspects of their learning experience and perceived level of 
motivation while participating in the courses. A test questionnaire is first administered to a small sample 
to ensure that the final version contains only those relevant questions that can actually elicit the intended 
responses. 

Participants 

The population for the study consists of all enrolled and former students of IGNOU. Survey data are 
collected from 141 IGNOU undergraduate students, 119 females and 22 males, during the months of 
October and November 2022, through face-to-face interviews and an online survey platform 
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(SurveyMonkey). The survey response sheets collected from the participants are compiled and 
organised into one dataset. 

The Scale 

To estimate the internal consistency or scale reliability of the survey items, 24 survey items are analysed 
to calculate Cronbach's Alpha, which gives a value of 0.757. In exploratory research, Cronbach's alpha 
should generally be 0.7 or more. Therefore, the items considered in this study are suitable for further 
analysis.  

Findings  

To get a feel for the whole data set, descriptive analysis is conducted using the commercially available 
statistical software SPSS (version-23). The descriptive statistics show that about 40.4% of the 
respondents are married and 51.8% are employed. This confirms that working and married learners are 
adequately represented in the survey sample. 

In order to gain further insights, the survey responses are aggregated in four primary variables of ARCS 
models, namely A (Attention), R (Relevance), C (Confidence) and S (Satisfaction). The overall 
responses (O) are calculated from the average of these four variables. The descriptive analysis of these 
five response variables is shown in Table-3.  
 
Table 3.  Descriptive statistics of survey responses 

 
Number of Samples Minimum Maximum Mean Std. Deviation 

Attention (A) 141 2.33 4.5 3.3842 0.41972 

Relevance (R) 141 2.83 5 4.1087 0.3994 

Confidence (C) 141 2.67 5 3.6667 0.45338 

Satisfaction (S) 141 2.67 5 3.8735 0.41781 

Overall (O) 141 3.29 4.88 3.7583 0.31565 

Scale: 1 (Not True)- to 5 (Very True) 
   

Hypothesis 1 states that employed learners are more motivated than unemployed learners. In the 
context of the present study, this means that the mean scores of the five response variables of employed 
learners (A, R, C, S and O) should be significantly higher than those of their unemployed counterparts.  

To test this hypothesis, two independent data sets are created from the survey response data. Data set 
or Group-1 includes the employed learners and Group-2 includes the unemployed learners. Since the 
samples are random, independent and normally distributed, a t-test with a significance level of 95% is 
conducted to determine whether or not the means of these five response variables (A, R, C, S and O) 
of the two groups are the same. The group statistics and the result of the t-test are shown in Table 4. 
 
Table 4.  Hypothesis-1 group statistics & t -test for equality of means 

SN Variables Groups N Mean Criterion Sig. (2-tailed) 

1 Attention (A) Employed 73 3.45 Equal variances assumed 0.028 

Unemployed 68 3.3 Equal variances not assumed 0.027 

2 Relevance (R) Employed 73 4.16 Equal variances assumed 0.063 

Unemployed 68 4.04 Equal variances not assumed 0.062 

3 Confidence (C) Employed 73 3.74 Equal variances assumed 0.03 

Unemployed 68 3.58 Equal variances not assumed 0.03 
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4 Satisfaction (S) Employed 73 3.92 Equal variances assumed 0.101 

Unemployed 68 3.81 Equal variances not assumed 0.098 

5 Overall (O) Employed 73 3.82 Equal variances assumed 0.008 

Unemployed 68 3.68 Equal variances not assumed 0.007 

From Table-4 it is observed that employed learners have higher mean scores on all five response 
variables than their unemployed counterparts. The t-test shows that for the three variables (A, C and O) 
the mean scores of employed learners are significantly (> 95%) higher than those of the unemployed 
group. For the remaining two variables (R, S), the mean values of the employed learners are significantly 
higher at a confidence level of 90%. Thus, the result supports hypothesis 1 that employed learners are 
more motivated than unemployed learners. 

Hypothesis 2 states that married learners are more motivated than unmarried learners. This means that 
the mean scores of the five response variables (A, R, C, S and O) should be significantly higher for 
married learners than unmarried learners. To test the hypothesis, two independent data sets are created 
from the survey response data. Group 1 consists of married learners, while Group 2 consists of 
unmarried learners. To determine whether the means of these five response variables (A, R, C, S and 
O) of the two groups are the same or not, the t-test is conducted with a significance level of 95%. The 
group statistics and the result of the t-test are shown in Table 5. 

 
Table 5.  Hypothesis-2 group statistics & t -test for equality of means  

SN Variables Groups N Mean Criterion Sig. (2-
tailed) 

1 Attention (A) Married  57 3.45 Equal variances assumed 0.124 

Single 84 3.33 Equal variances not assumed 0.121 

2 Relevance (R) Married 57 4.1 Equal variances assumed 0.932 
  

Single 84 4.11 Equal variances not assumed 0.929 

3 Confidence (C) Married 57 3.63 Equal variances assumed 0.451 
  

Single 84 3.69 Equal variances not assumed 0.436 

4 Satisfaction (S) Married 57 3.95 Equal variances assumed 0.072 
  

Single 84 3.82 Equal variances not assumed 0.061 

5 Overall (O) Married 57 3.78 Equal variances assumed 0.421 
  

Single 84 3.74 Equal variances not assumed 0.402 

It is observed from Table-5 that for three (A, S, O) out of the five response variables, the mean score 
for married learners is slightly higher than that for unmarried learners. While single or unmarried learners 
have a higher mean score for Confidence (C), the mean score for relevance (R) is almost the same in 
both groups. However, the t-test did not establish any significant (> 95%) inequality in means for any of 
the five response variables, except that married learners are more satisfied when attending the courses 
(confidence level-93%). Thus, the analysis does not support hypothesis 2 that married learners are more 
motivated than unmarried learners. 

Discussions and Conclusion 

For identifying the category of students who are likely to successfully complete the course, a 
classification tree method is applied to the undergraduate student database of IGNOU for developing 
predictive models. These models show that employed and married students perform better than 
unemployed and unmarried peers respectively. This reaffirms the research findings of Nasu (2020) that 
employed and married students perform better than their unemployed and single counterparts.  
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The literature review reveals that the underlying reasons for better academic performance are related 
to learners’ motivation (Schunk et al., 2008; Radovan, 2011; Wentzel, 2013). For analysing the 
characteristics of learner motivation and linking it with academic performance and socio-demographic 
profile of learners, an empirical survey based on ARCS model (Keller, 2008; Keller & Deimann, 2012; 
ChanLin, 2009; Hodges & Kim, 2013) is conducted. The empirical survey data is deployed to test the 
hypotheses formulated on the basis of predictive models.   

Out of four components of the ARCS model, in the current study, Relevance(R) is found to be the most 
important factor (mean=4.10) in enhancing and sustaining the motivation of distance learners. IGNOU 
learners are found to have a better understanding that the courses are relevant for achieving their 
personal and professional goals. Satisfaction (S) comes second with a mean of 3.87, meaning that 
IGNOU learners are generally satisfied with what they have achieved during the learning process.  This 
is supported by the findings of Zeytinli et al (2023) that while developing a course, particular attention 
should be given to identify how student satisfaction is impacted by specific course elements. 

Confidence (C) is defined as the belief in oneself that one will be able to achieve the goals. The study 
shows a positive bias (mean=3.66) of this component in the overall ARCS model. Among the four 
response variables, Attention (A), which refers to catching learners' concentration and anchoring the 
curiosity factor in them to learn, has the lowest value ( Mean=3.38). The results indicate that instructional 
design and study materials need to be further improved to keep learners' attention. This is similar to the 
result obtained in the studies conducted by Zeytinli et al (2023) that learning process affect satisfaction 
level of ODL learners and help them build self-confidence in academic life. 

Among the 24 survey items, the top five factors that contribute to learner motivation are (i) To accomplish 
my goal, it is important that I do well in this course, (ii) If I work hard, I can perform well in the course, 
(iii) The things I am learning in this course will be useful to me, (iv) As I started studying, I feel confident 
that I could complete the course, (v) I feel good that I get praise from family and friends when I perform 
well in the course. Thus, IGNOU learners appreciate better that they benefit from the course and receive 
recognition when they perform well in their studies. 

The qualitative comments or feedback from the learners who participated in the face-to-face survey 
confirm the findings of the data analysis that relevance, confidence and satisfaction are the most 
important motivating factors in distance education. Some of these comments are 'the course was 
important for promotion', 'I got promoted after becoming graduate', 'I am working in a Petrol Pump, so 
at least I should be a graduate', 'I am working in a hotel so I am doing the Bachelor of Hotel Management 
course', 'I feel good after studying this course', 'I got recognition for studying the course', 'If I do 
assignment myself, passing examination is easy', 'I have got honours in economics by studying myself', 
etc. One female divorcee student mentioned that she is currently doing casual jobs and that her job 
prospects will improve after graduation and she will be able to earn more and can send her child to a 
big school. Another female student commented that after completing her graduation she will have a 
better marriage prospect. The other female student shared that her husband is doing odd jobs and after 
graduation she can also financially support the family. 

The survey responses further indicate that employed learners can understand the course materials 
better (mean: 3.48) and perceive that they will benefit much from the course (mean: 3.92) than 
unemployed counterparts (mean: 2.87 & 3.65). Unemployed learners also face more difficulty in 
pursuing the course (mean: 3.48) than employed learners (mean: 3.26).   

The preceding analysis is consistent with the findings of the literature studies that learners are motivated 
to take up and complete distance learning in order to enhance their career or improve their performance 
at work (Cannon et. al., 2001, Nasu, 2020). The analysis also confirms that learners' intrinsic motivation 
levels, individuals' cognitive and affective processes, such as goals and beliefs, and self-regulation in 
the distance learning process, especially in the context of competing job demands, are important factors 
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in academic performance (Pekrun et al., 2011, D’Errico et al., 2016). For employed learners, distance 
learning offers the opportunity to develop time management skills that help them balance work and 
home life and provide them with the chance to excel in academic courses (Clarence, 2019; Simons et 
al., 2020). 

On the other hand, the survey responses reveal several factors related to learners’ environment (Brophy, 
2010) and perceptions of learning (Kickul & Kickul, 2006), that adversely affect learners' motivation such 
as (i) It is difficult to remember the content of the course, (ii) I find it hard to keep my attention because 
the course material is difficult to understand, (iii) I am not able to understand many topics in the course 
material, (iv) I cannot predict what grade I will get in my assignments and in the exam, (v) I face difficulty 
in pursuing the course, etc. These statements are corroborated by qualitative comments or feedback 
from learners who participated in the face-to-face interview, namely 'I need someone to explain the study 
material on certain difficult topics'; 'I am used to a regular classroom teaching learning environment 
where the teacher explains a certain topic and then I study the topic'; 'I found that the marks obtained in 
assignment evaluation are less than expected, perhaps did not practice well how to write the answer to 
a particular assignment'; 'I am studying in ODL mode for the first time therefore it will take some time for 
me to adjust to the ODL environment'; 'I am finding difficult to study the entire syllabus using the Self 
Learning Material (SLM)'. 

The different nature of distance education, compared to face-to-face education is likely to pose 
additional challenges for ODL learners (Waterhouse et al., 2022). Unlike on-campus education, ODL 
does not provide students with exclusive learning time and space. ODL learners must therefore create 
and manage their own space and time for learning (Schamber, 1994). In distance learning without a 
physical teacher, it can be difficult for learners to maintain the pace of learning and managing time 
pressures already experienced with intensive work and family commitments (Waterhouse et al., 2022) 
One married female learner shared that she has to take care of the children, teach the children at home, 
cook, manage the household, attend social events with family members and receive guests at home. 

Being physically separated, the institute and the counsellors have less influence on the motivation of 
the learners. ODL thus creates a sense of isolation and learners may have difficulty maintaining their 
motivation for the course. This, supplemented by lower self-motivation, can lead to distractions from 
learning. Literature survey also reveals that low motivation levels contribute to low retention rates in 
distance education (Joo et al., 2011; Lee & Choi, 2013). This is reaffirmed through qualitative survey of 
IGNOU learners who often prefer to learn selectively or to learn only with a view to passing the 
examination and obtaining a degree. 

The results of the study affirm that relevance of the course and satisfaction during study are the two 
most important factors in motivating learners (Park and Choi, 2009). The results also indicate that the 
employed leaners have significantly higher levels of motivation, while other categories of learners find it 
difficult to maintain their self-motivation during distance learning. The relatively lower attention of 
distance learners confirms the need to include the element of curiosity in the design of teaching materials 
in order to engage learners in a lasting way. The characteristics of students also need to be taken into 
account when developing online distance education services and courses. 

The study has a few limitations. The first part of the study considered the entire student database, the 
sample of the empirical study consisted mainly of female learners (84.4%). Furthermore, this study is 
conducted at only one ODL institution and is limited to undergraduate students. Therefore, the results 
may not be applicable in a broader context. Similar studies at other ODL institutions and correlation of 
results could help improving overall learner experience and foster further success of ODL in both 
national and international perspective. The generative research model concluded that married learners 
perform better academically than unmarried counterparts. However, the ARCS model could not 
substantiate the model. Future research may therefore be needed to investigate the possible reasons 
for the apparent superior academic performance of married undergraduate students, taking into account 
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parameters such as age profile, differences in lifestyle and personal goals, etc. 

ODL institutions have diverse student profile. This research finding will help these institutions to 
understand students' varied expectations from the learning experience and the consequences on their 
motivational level if these expectations are not met. 
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