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Abstract 

How successful online learners are in achieving their goals varies along geo-cultural and socioeconomic dimensions, 

as well as with learning design features. Despite diverse enrollments, most online courses adopt a one-size-fits-all 

design that presents the same learning activities to all learners. We studied how learning design can be adapted to 

improve learner persistence rate. We leveraged data from ten FutureLearn MOOCs (n=49,582) to examine how 

variation in course activities, such as articles, videos, discussions and quizzes predicted learner persistence. We 

then assessed the heterogeneity in these associations by learners' geo-cultural and socioeconomic context. Our 

findings suggest that certain types of learning activities (e.g., discussion) facilitate progress for learners in one 

context (e.g., Anglo-Saxon), while inhibiting progress in another (e.g., South Asia). This research contributes new 

insights into the role of cultural variation in learning design preferences and can inform ongoing efforts to create 

online learning environments that are effective for learners from diverse backgrounds. 

 

1 INTRODUCTION 

Massive Open Online Courses (MOOCs) are recognised for their goal of scaling open access to high-quality 

educational resources. They have been characterised as "courses designed for a large number of participants that 

can be accessed by anyone anywhere as long as they have an internet connection, are open to everyone without 

entry qualifications, and offer a full/complete course experience online, for free." (Jansen & Schuwer, 2015). Despite 

the lofty aspirations of granting people universal access and opportunities for success, prior research has uncovered 

a range of individual and contextual factors, such as regional, cultural, and socioeconomic backgrounds, that affect 

individual learning behaviors and outcomes. In particular, recent studies in online learning environment uncovered 
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gaps in learner persistence and performance based on regional and cultural differences (Bozkurt & Aydın, 2018; 

Ogan et al., 2015) and socioeconomic status (Cai et al., 2017; Author D, 2017; Author D, 2015; Guo & Reinecke, 

2014). With an increasing number of people across the globe now learning online, these findings highlight the need 

to design courses that are accessible and inclusive to all, irrespective of cultural differences.  

Most online courses contain various types of learning activities that are delivered uniformly and in a 

predetermined sequence. In an online learning environment, pedagogical factors, such as the learning design, play 

a pivotal role in learner engagement, retention and persistence (Mangaroska & Giannakos, 2018; D. Davis et al., 

2018; Author B, 2017; Author B, 2016; Pimmer et al., 2016; Hernández-Leo et al., 2014). Features of the learning 

design, such as content type and activity sequencing, can be crucial determinants of persistence, but there is limited 

empirical evidence on the role of learning activities in learners' course experiences. Moreover, we are limited in our 

scientific understanding of which learning activity types should be tailored to members of diverse socioeconomic 

and geo-cultural groups. 

In this research, we contribute new insights into how course learning designs may be adapted for diverse online 

learners by exploring a heterogenous learner population enrolled in ten large MOOCs. This study establishes new 

links between learner persistence and the types of learning activities they experience in a course. This study clearly 

demonstrates that an overall analysis of online learning data can mask geo-cultural and socioeconomic 

heterogeneity in the relationship between learning design and learner outcomes. Consequently, the results of 

analyses that do not take this heterogeneity into account primarily reflect the behavioral patterns of the largest 

group, which can stand in contrast to the patterns observed for smaller subgroups. If overall results are used to 

guide course design and iterative improvement, it can result in improved outcomes for the majority group while 

leaving behind members of underrepresented groups in the course. Therefore, this study critically, empirically 

examines the premise of one-size-fits-all learning design by simultaneously unpacking the complex interplay 

between online learning design and learners’ cultural and socioeconomic diversity.  

2 RELATED WORK 

2.1 Relationship between learning designs and learner's persistence 

A number of studies on formal online environments (Author B, 2017; Author B, 2017; Author B, 2016; Conde & 

Hernández-García, 2015; Hernández-Leo et al., 2014) and MOOC environments (Author A, 2020; Xing, 2019) show 

the critical role of learning design. While learning design can be defined in several ways, a better understanding of 

the nature of engagement with various learning activity types may lead to ways which we can use to improve 

persistence. Several other studies have also suggested that learning engagement can be better understood by 

examining the detailed interactions with various types of learning activities, such as reading material (Author A, 

2020; Uchidiuno et al., 2018), video content (D. J. Davis, 2019; Guo et al., 2014), quizzes (Juhaňák et al., 2017; Li & 

Baker, 2018), and discussions (Zou et al., 2021; Allon et al., 2016; Sunar et al., 2016; Yang et al., 2013). 

This study conceptualises learning design as the process of online course development where the designers 

create a series of learner-facing activities containing different types of learning materials (e.g., reading activities, 

learning material consisting audios or videos) (Author A, 2020; Sharples, 2015). Such sequenced activities are 

designed for learning, and therefore can be reused repeatedly, but with minimal possibility of modification, midway 

or between the course runs. A prepared design may have its own advantages. Still, recent literature suggests that a 

centralised learning design, containing a fixed number and types of activities may not necessarily be beneficial for 
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all learners, as it can be more useful for some learners while limiting others (Bearman et al., 2020; Margaryan et al., 

2015). It is also not known how different proportions of these learning design factors enable or restrict learners’ 

participation. 

Cross et al. classified learning activities and established a taxonomy of learning design called OULDI (Open 

University Learning Design Initiative) (Cross et al., 2012). This taxonomy provides theoretical foundations for 

designing learning activities in FutureLearn MOOCs (Sharples, 2015). FutureLearn MOOC design primarily contains 

four types of learning activities; articles, videos, discussions, and quizzes (Sharples, 2015) and each type has its own 

advantages and limitations. This study specifically focused on three OULDI categories that represent the principal 

features in FutureLearn MOOCs. First, Assimilative activities refer to learning activities that help develop, process, 

and attain information in an online course (e.g., reading articles or watching videos). Previously in his seminal work 

on multimedia learning, Mayer (2005) asserted how effective learning occurs when supported by multimedia, for 

example, words and visuals (i.e., article) and instructional videos. Second, Communication-based activities allow 

learners to participate in course-related discussions. In FutureLearn MOOCs, discussion steps mimic a social media-

style feed where learners can choose to start, like or comment on a discussion, or follow their peers and instructors 

(Sharples, 2015). FutureLearn is philosophically build on socio-constructivist principles and the idea that working 

together collaboratively drives learning. Therefore, discussions are embedded explicitly in all courses making the 

MOOC a social learning space (Manathunga et al., 2017). The third part of our work focused on Assessments 

(Quizzes) – another known driver of learning. Assessment activities and the associated feedback facilitate 

knowledge acquisition and learning successes (e.g., Hattie & Timperley, 2007). Increased skills and learning 

successes, in turn, can motivate learners to persist in the course (e.g., Marsh & Craven, 2006).  

Therefore, in our first research question, we intend to understand if changing the number of various types of 

learning activities (articles, videos, discussions, and quizzes) is linked with improved persistence and lower 

withdrawal from a MOOC.  

 

RQ1. To what degree does the number of (a) assimilative learning activities (e.g. articles, videos), (b) 

communication activities (e.g. discussions), and (c) assessment activities (e.g. quizzes) in a course predict learners' 

persistence? 

2.2 Learning behaviour and geo-cultural or socioeconomic background 

Culture, often defined as 'collective complexes of learned behaviours and perceptions of individuals in a society' (Tylor, 

1871), influences how an individual processes and interprets information. Therefore, education cannot remain 

disconnected from the cultural values of a society. The term ‘culture’ itself is multifaceted. The related term "geo-

culture" (Wallerstein, 1991) is often employed in theoretical frameworks to explain how people act, behave and 

learn based on their geographical location or area of origin. Previous research has found the geo-cultural framework 

by House and colleagues (House et al., 2004) to be useful for understanding how learners from different geo-cultural 

regions on the globe engage with learning activities (discussed further in section 3.1). Recent work has also found 

that in various regions the originating culture strongly influences the respective design and content of the 

curriculum as well as formal classroom practices (Bozkurt & Aydın, 2018 ; Arnove et al., 2012). This research also 

suggested that learners' experiences and reactions to their educational practices may be grounded in and shaped 

by their culture and geographic region. Regional and cultural differences in online learner persistence have also 

been reported (Reich & Ruipérez-Valiente, 2019; Author A, 2019; Author B, 2015).  
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Initially, MOOCs, there was a strong expectation amongst some in the online learning and teaching community 

that these free, widely advertised online courses would potentially address the global disparity in education 

attainment (Rohs & Ganz, 2015; Pawlowski & Hoel, 2012). However, it turned out that most popular MOOC 

providers and the majority of active learners are currently located in developed countries, mainly in the Global 

North (Ruipérez-Valiente, Jenner, et al., 2020; Author D, 2017; Rohs & Ganz, 2015), with evidence suggesting that 

regional, cultural and socioeconomic factors influence engagement and persistence in online learning (Author A, 

2019; Reich & Ruipérez-Valiente, 2019; Allione & Stein, 2016; Guo & Reinecke, 2014). Several studies reported 

disproportional participation and subsequent preference for particular types of learning activities among MOOC 

learners. Author D (Author D, 2015) found that learners from African, Asian and Latin American countries are less 

persistent accessing resources and exam materials. Liu and colleagues (Liu et al., 2016) also noticed a distinction 

between mainly English-speaking countries and Asian countries in their test-taking behaviour and discussion 

forum participation. Likewise, other researchers found similar evidence for significant disparities resulting from 

attributes such as ethnicity and race (Stich & Reeves, 2017; Wladis et al., 2015), average neighborhood household 

income or the national Human Development Index (Author D, 2017; Hansen & Reich, 2015), and levels of social 

integration that vary between different cultural groups (Author D, 2017; Liu et al., 2016). Pointing to this global 

divide, Author D (Author D, 2017) observed a "wide MOOC retention and completion gap between less developed 

countries (LDC) and more developed countries (MDC)".  

The narrative was echoed in recent large-scale studies investigating the global participation in MOOCs where it 

was noted that most MOOC enrolments, and thereof certifications, have consistently emerged from the most affluent 

countries with much lower participation from less prosperous countries in the Global South (Ruipérez-Valiente, 

Halawa, et al., 2020; Ruipérez-Valiente, Jenner, et al., 2020; Reich & Ruipérez-Valiente, 2019). Other financial, 

psychological or social barriers were also repeatedly reported in region-specific MOOC studies (Castaño-Muñoz et 

al., 2017; Author D, 2017; Hansen & Reich, 2015). Ruipérez et al. (Ruipérez-Valiente, Jenner, et al., 2020) recently 

pointed out that differences in learning designs between regional and global MOOC providers influence 

demographic differences between course enrolments and completion rates. In MOOC learning environments, 

regional, financial or socioeconomic indicators have helped researchers understand learners' course engagement, 

and their decisions to enrol, persist or withdraw from a course (Reich & Ruipérez-Valiente, 2019; Hansen & Reich, 

2015; Wladis et al., 2015). 

Previous work suggests that there are cross-cultural and regional differences in participation in various types of 

learning activities. Comparing several regions or cultural traits, MOOC researchers noticed disproportional 

assessment or quiz attempts (Liu et al., 2016; Author D, 2015), unique video watching behaviour with or without 

accessing assessments (Liu et al., 2016; Uchidiuno et al., 2018) and social interactions with peers (Liu et al., 2016; 

Ogan et al., 2015). Relevant literature pointed out that various regions may have dissimilar preferences in 

assimilative activities, with some favouring reading-based materials and others with a fondness for video-based 

content (Uchidiuno et al., 2018; Liu et al., 2016; Reinecke & Bernstein, 2011). Indeed, settling for a learning design 

presents a methodological challenge if learners from numerous regions are given manifold choices in learning 

activities. However, such methodological challenges can easily be addressed with recommender systems and other 

machine learning methods that perform variable selection to surface essential and relevant feature combinations. 

Despite these important advances to knowledge, there is still a paucity in research investigating an overall 

impact of various learning activity types and its relation to broader geo-cultural background or socioeconomic 

status. None of the studies discussed above was conducted using FutureLearn MOOC platform, which includes 
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explicitly many communication-based activities, which may help or potentially hamper learner engagement from 

specific geo-cultural regions. This leads to our next research questions on how the association between learning 

activity types and learners' persistence in MOOCs is moderated by learners' geo-cultural background (RQ2) and 

their regions' aggregated income group (RQ3). This study examined if the strength of the predictive association 

(from RQ1), differs between geo-cultural and socioeconomic subgroups. In particular, we intend to explore if certain 

types of learning activities were an enabler for one subgroup but constrained another subgroup, leading to the 

following key questions: 

 

RQ2. To what extent does the association between course learning design and learner persistence differ between 

geo-cultural contexts? 

 

RQ3. To what extent does the association between course learning design and learner persistence differ between 

socioeconomic contexts? 

3 METHODOLOGY 

3.1 Context and data pre-processing 

Our data set comprises 49,582 learners from ten MOOCs developed by the Open University, UK and offered via the 

FutureLearn platform. The courses were structured into steps, activities, and weeks. Each week contains several 

steps comprising various activities. Such activities can be categorised using OULDI taxonomy (assimilative activities 

like articles and videos, communication activities like discussions and assessment activities like quizzes). Table1 

lists details of four learning design features in each course: Articles (A), Discussions (D), Videos (V), Quizzes (Q). 

For example, in the course aml1, 1564 learners were enrolled, whereby 1164 (or 74.4%) learners accessed more 

than 1% of activities. For those who accessed more than 1% of activities, median activity access was found to be 

8% activities. The learning design contained 32 articles, 25 discussions, 27 videos and 24 quizzes. 

 

In this study, we only consider open and freely available assessment Quizzes because participants are 

expected to pay a fee to access formal assessments (i.e., Tests). We include in our sample only learners with free 

and limited-time access to course content. Given our core focus on open education, we only included activities that 

were free to access for FutureLearn learners, because the certification fee can be prohibitively expensive for some 

learners. These sample exclusion criteria might have introduced selection bias. Still, the criteria were aligned with 

the research questions that examined the progress of learners through the open and freely accessible course 

material. Other sporadic miscellaneous learning activities were also omitted in this study, that includes activities 

such as exercises, peer reviews or composite steps consisting of assignment, assignment review and reflect. 

 
 

 Insert Table 1 about here 

 

On the FutureLearn platform, the full content of a course is made available to all learners at the beginning of the 

course. It remains accessible for a period called "extended enrolment", which is around two weeks. It is 

recommended that learners engage with the course for 3 to 6 hours per week, watch videos, read course materials, 

participate in the discussions, and complete quizzes. Since the full course contents were made available beforehand, 
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the number of learning activities remained constant throughout the course (i.e., time-invariant covariate). As 

illustrated in Table 1, the courses were diverse and largely dissimilar and were selected on the basis of variability 

in the learning design factors (types of learning activities). 

The GLOBE framework for learners' geo-cultural categorisation (see for example  (Mensah & Chen, 2013; House 

et al., 2004)) represents a comprehensive account of global regions and cultural constructs in those regions. 

Following the precedence set by many other studies of geographical and cultural variation in the context of MOOCs 

(e.g., Reich & Ruipérez-Valiente, 2019; Bozkurt & Aydın, 2018; Hennis et al., 2016), we classified learners' geo-

cultural and socioeconomic backgrounds based upon their IP address. Using GLOBE, we first categorised learners' 

location into ten geo-cultural clusters; Sub-Saharan Africa (AF), Anglo-Saxon (AS), Confucian Asia (CA), Eastern 

Europe (EE), Germanic Europe (GE), Latin America (LA), Latin Europe (LE), Middle East (ME), Nordic Europe (NE), 

and South Asia (SA). The distribution over clusters by course is shown in Figure1 for more details. Anglo-Saxon (AS) 

subgroup made up a consistent majority of the learners in each course (between 15.8% to 57.2%), followed by 

learners from South Asia (SA) which varied between 10.2% to 31.8%. Whereas, the smallest subgroup was found 

to be Nordic European (NE) learners comprising only 0.5% to 1.6% learners. 

 
 

 Insert Figure 1 about here 

 

Next, using the world bank classification of world economies into different income categories (World Bank Country 

and Lending Groups – World Bank Data Help Desk, 2017), we aggregated learners' countries into four socioeconomic 

subgroups; high income (HI), upper-middle income (UMI), lower middle income (LMI), and low income (LI). 

Figure1 illustrates the distribution. In line with (Reich & Ruipérez-Valiente, 2019), the largest stratum (33.6% to 

71.4%) originated from the flourishing economic subgroup of High-Income (HI) countries. The second-largest 

subgroup (17.2% to 47.3%) though belonged to relatively underprivileged countries with Lower Middle-Income 

(LMI) economies.  

3.2 Measures 

We used learners' persistence in a MOOC as the outcome measure, assessed based on how far in the course 

materials a learner progressed before they dropped out, defined as ceasing participation in a course. We calculated 

the percentage of activities accessed to operationalise persistence (% activities accessed). To predict the outcome, 

we defined a number of predictors or covariate measures. First, the four learning design predictors were the 

number of articles, videos, discussions, and quizzes in each course. These covariates contained ten data points, each 

representing one of the ten MOOCs. We first used cultural clusters (cc) and socioeconomic clusters (sec) to subset 

data. Next, we used these constructs as covariates within the regression equation to measure interactions. 

Following is the list of covariates we used in this study: (i) Number of learning design (LD) features: Articles (nA), 

Videos (nV), Discussions (nD), and Quizzes (nQ), (ii) cc: representing ten cultural subgroups, and (iii) sec: 

representing four socioeconomic subgroups. 

3.3 Data Analysis Methods 

We used survival analysis methods to measure the effect of the number of different types of learning activities on 

learner persistence (Labrador et al., 2019; Yang et al., 2013). Survival analysis, sometimes referred to as Time-to-

event (TTE) analysis, is a useful statistical tool popular in disciplines such as medical research, engineering and 
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economics. For example, this method can be used to evaluate new drug and its dosage efficacy, assess actuarial 

losses, and reliability and life of devices under different environmental factors (like temperature or humidity). The 

factors associated within the ten MOOCs of the respective environment (number of articles [A], videos [V], quizzes 

[Q] and discussions [D]) were expected to influence learners' persistence. Unlike summative measure of 

performance (i.e., certification or course completion), persistence is temporal in nature where learners’ dropout, 

(thereof hazard to the survival) occur as the course progresses. 

Prior to the analysis, functional forms of all four learning design features were checked, and we found satisfactory 

evidence for linear assumptions. Thus, we assumed the relationship between learning design features and log 

hazard of early dropout (or hazard to the persistence) were linear in nature. During the survival analysis in this 

study, the measure of event of interest represented the respective event of learners leaving the course after 

accessing a certain fraction of activities. As indicated in Table 1, to perform the survival analysis, we defined the 

occurrence of an event of interest if a learner accessed at least 1% of course activities and then stopped interaction 

with the content and left the course (event = 1 when accessed activities >1%, otherwise 0). Table 1 also listed 

medians of per cent activity accessed by learners who had accessed at least 1% activities. 

Firstly, the Kaplan-Meier (KM) curves were used to examine survival probabilities and median survivals. As is 

common in KM analysis, we assumed that the survival probabilities remained the same for the learners regardless 

of their recruitment time, i.e., whether they started early or late in the course. Secondly, the complementary log-

rank tests were employed to test the differences between survivals. Both methods are non-parametric and make 

no assumptions about the distribution of the data. These two methods yield descriptive statistics that address 

questions such as what proportion of learners will continue learning in their respective MOOCs after a certain point 

in the course. Finally, we used semi-parametric Cox regression for a more nuanced, multivariate analysis (Fox, 

2002). 

Cox regression was used to quantify the impact of the different number of learning activities on the percentage 

of activities accessed by a learner (RQ1). Following, we checked if the degree of influence was different for the 

different geo-cultural subgroups (RQ2) and socioeconomic subgroups (RQ3). A large number of two-way 

interactions between the dimensions of interest (LD*cc, and LD*sec) raised a potential risk of finding spurious 

relationships. Since the interactions that significantly improve model fitting should be preserved in the model, we 

decided to use the regularisation technique of penalised regression. Table 4 and 5 in the results section highlight 

the most critical interactions retrieved from the regularised, ten-fold cross-validated outcome (Hastie & Qian, 2014). 
 

 

 Insert Table 2 about here 
 

 

The analysis for RQ1 provided overarching results but at the same time, masked heterogeneity in our diverse 

sample. Therefore, to answer RQ2 and RQ3, we first grouped data into ten subsets based upon cultural clusters (cc) 

and performed subgroup analysis on each subset using Cox regression. The method was repeated on four subgroups 

for socioeconomic clusters (sec). Developing a separate model for each subgroup enabled us to compare or contrast 

the findings with the overarching model and across the subgroups. It is important to highlight here that adopting a 

separate model for each subgroup assumed the subgroups to be entirely independent of each other. Next, we used 

two-way interaction terms within the regression equation to understand the joint effect of the interacting variables 

on the persistence hazard profile. This twice-over analysis approach helped us avoid overinterpretation of 
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potentially noisy subgroup results (Lagakos, 2006). The methods for answering each RQ are summarised in Table 

2. 

4 RESULTS 

RQ1: Association between number of learning activities and persistence 

We first confirmed a sufficient degree of variation in our outcome of interest, learners' persistence, across the ten 

courses (χ2= 882, df = 9, p =< 2e-16). Next, we used cox regression to test for a quantifiable link between persistence 

and predetermined types of activities in the respective learning design (see Table 3). The assumption of 

proportionality of hazards (PH) was only mildly violated for variable nV (0.33 > p > 0.02 in covariate-adjusted Cox 

regression). 

 
 

 Insert Table 3 about here 
 

In Table 3, exp(coef) represents the respective hazard ratio for each predictor. Overall, a higher number of learning 

activities in a course design was associated with an elevated risk of dropout, except for the number of discussion 

activities. We found that, while keeping all other activities constant, one unit1 increase in number of discussion-

based activities reduced the dropout risk by 3%. Similarly, increasing reading activities and quizzes by a unit, 

augmented the risk of dropout by 14% and 15% respectively. Intuitively speaking, Table 1 points to relatively low 

median activity access for the courses with a slightly higher number of articles and quizzes. The link between 

persistence and the change in the number of videos was minimal; about a 3% increase in risk of dropout from the 

course. In other words, a large number of articles and quizzes in a course was associated with an elevated hazard 

profile, while this association was reversed for discussions.  

 

RQ2: Is the association (from RQ1) different in different geo-cultural subgroups. 

Building on RQ1, we first confirmed that the survival experiences were dissimilar for different geo-cultural groups 

(χ2= 542, df = 9, p =< 2e-16). As shown in Figure 1 (and Figure A1 in the Appendix), the Anglo-Saxon subgroup (AS) 

had the largest presence overall and exhibited the highest median persistence and survival probabilities. In contrast, 

the second and third largest subgroups, respectively, South Asia (SA) and the Middle East (ME), turned out to be 

least persistent throughout. Both subgroups had the smallest survival probabilities with 7% and 5% of learners, 

respectively, reaching the 50% activity access mark. Furthermore, only 3% and 2% respectively accessed all 

activities in the courses. (Figure A1 in the Appendix). 

Addressing RQ2, Table 4 compares estimated coefficients from (i) subset analysis and (ii) two-way interaction 

tests, while we computed hazard ratios by exponentiating these estimates. During the subgroup analysis, the PH 

assumption was only mildly violated at three points among all 40 points of estimates. A mild violation in PH 

assumption is common when survival analysis is performed on big data, as the sensitive PH test was originally 

developed with much smaller datasets in mind. The second column for each activity type reports coefficients from 

                                                 
1 We standardized the predictors, therefore, one unit represents 1SD for the respective predictor. 
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one full model where we interacted geo-cultural subgroups with learning design factors. The results from both 

types of examinations remained primarily the same. 

 
 

 Insert Table 4 about here 
 

 
 
Since the hazard ratios were computed by exponentiating the respective parameter estimates, for AF (see row 1, 

column 4 in Table 4), this result was exp (0.07) = 1.07. In terms of interpretation, this points to a 7% increase in the 

expected hazard for every one-unit increase in number of articles given learner subgroup is AF. Overall, the 

outcomes suggested that keeping all other activities constant, a one-unit increase in articles meant an increased 

dropout risk of 7%, 28%, and 48% for African (AF), Anglo-Saxon (AS), and Latin American (LA) learners, 

respectively. However, this direction of association was the same for Germanic and Latin European (GE, LE) 

subgroups, with no significant cross-validated interactions. Surprisingly, the only meaningful interaction between 

cultural grouping and video-based activities we found was for Middle Eastern (ME) learners, where risk increased 

by 9% for one unit increase in video-based activities, holding other activities constant. Nevertheless, a relatively 

less critical interaction term, increasing the videos, lowered the hazard profile for South Asian learners (by almost 

7%). 

Discussion-based learning activities were found to be the most critical activity type, impacting various geo-

cultural cluster differently. An increasing number of discussion steps were associated with a reduction in dropout 

risk ratio, except for the learners residing in South Asia and Africa. One unit increase in discussions reduced the risk 

of dropout for Latin American learners by almost 12%. In contrast, it elevated the risk to persistence by 21% for 

South Asian learners and nearly 9% for African learners. However, quiz-based assessments deterred more English-

Speaking learners (Anglo-Saxon region) and Middle Eastern learners with an increment of 26% and 7% in risk 

profile.  

 
 

 Insert Figure 2 about here 

 

A subset analysis was most meaningful when we found that the potential change in the number of learning 

activities led to precisely the opposite results for the two largest geo-cultural subgroups in data; Anglo-Saxon (AS) 

and South Asia (SA). Except for discussion steps, the South Asian learners favoured a large number of learning 

activities overall. Furthermore, mirroring the overarching sample behaviour (Table 3), Anglo-Saxon learners 

preferred fewer activities overall; more discussion steps kept them engaged, though. Figure 2 illustrates this 

contrast in learning activity preferences. 

 

RQ3: Is the association (from RQ1) different in different socioeconomic subgroups. 

We repeated the same modelling steps for the four socioeconomic subgroups. Figure 1 (right) demonstrates the 

number of learners in each socioeconomic subgroup, and their estimated median activity access in percentages is 
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reported in Appendix Figure2. High Income (HI) subgroup accessed approximately 3% to 4% more activities before 

leaving the course than their peers from Low-Income (LI) subgroup. Figure 2. in Appendix A, illustrates KM survival 

curves for the four socioeconomic subgroups. A log-rank test indicated significant differences between survival 

experiences (χ2=320, df =3, p =< 2e-16). Each socioeconomic subgroup exhibited a distinct course engagement 

behaviour. The relatively deprived subgroup (LMI) showed the smallest survival probability, when only 7% of LMI 

learners made it to 50% activity access mark, as compared to 13% of learners from the High-Income (HI) subgroup. 

Displaying the consistent pattern, the fraction of these subgroups fell to 3% and 6%, respectively, towards the end 

of the course (See appendix A for more details). 
 

 Insert Table 5 about here 

 

As a result of the cross-validated analysis, we found no critical interaction in the smallest subgroup of Low-

Income (LI) economies. Also, as can be seen from Table5, a large number of learners (more than 36%) from this 

subgroup dropped out after accessing just one activity, as compared to 25% from the High-Income (HI) subgroup. 

The High-Income (HI) subgroup not only accounted for the majority of learners in our sample, but it also reflected 

the overall content engagement behaviour we noticed while answering RQ1 (Table3). It is important to note here 

that considering the cultural context, the High-Income group of countries mainly belonged to the English-speaking 

Anglo-Saxon, Germanic, or Latin European cultural groups.  

Increasing one unit in the number of articles increased the dropout risk for the High-Income subgroup by almost 

25%. A change in the number of articles as well as videos was not significantly linked with any of the subgroups as 

we found no active interaction. As learners from advanced and wealthy countries preferred more discussion steps 

in the course, the same activity type increased learner's dropout risk for the second largest subgroup of Lower-

Middle Income (LMI), by almost 13%. Whereas, learners from the economically affluent High Income (HI) and 

Upper-Middle Income (UMI) countries did not favour quizzes. Finally, the quiz-based learning activities did not 

interact with the other two less prosperous subgroups.  

Figure 3 illustrates the contrasting behaviour of the two largest socioeconomic subgroups. In terms of geo-

cultural grouping, Lower-Middle Income mainly consisted of countries from South Asian, African, and Middle 

Eastern regions. In other words, learners from wealthy, Anglo-Saxon countries or most European countries were 

repelled by a large number of articles or quizzes in a course. As for Lower-Middle Income (LMI) economies, the only 

significant link (from cross-validation) activity change we noticed was for discussions where a unit increase in 

discussion activities was found to be linked with a 13% increase in early dropout risk. 

 
 

 Insert Figure 3 about here 

 

5 DISCUSSION AND CONCLUSION 

We set out to find the link between the persistence of 49,582 learners and four learning design factors in ten 

FutureLearn MOOCs developed in the UK. We also examined to what extent the learner persistence probabilities 

differed between socioeconomic subgroups or between geo-cultural subgroups. In this study, our aim was twofold. 

First, we examined whether a different number of assimilative activities (like articles and videos), communication 

activities (like discussions), and assessment activities (like quizzes) within a MOOC could be used to predict the 
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overall number of activities learners from across the globe access? Second, we compared the behavioural 

differences between ten geo-cultural clusters and four socioeconomic clusters. To address our first research 

question, we investigated the extent to which the number of various types of learning activities is linked with higher 

persistence in a MOOC. For our second and third research questions, we measured the variation in these 

associations in the contexts of geo-cultural and socioeconomic subgroups. For example, we found that with the only 

exception of learners residing in South Asia, learners overall favoured fewer activities in MOOCs. Earlier work 

suggested that communication-based learning activities are critical for success in a course (Zou et al., 2021; Author 

B, 2016). Still, we found that they may actually work against learners from disadvantaged, non-English speaking 

contexts originating from the Global South (LMI socioeconomic subgroup and geo-cultural subgroups such as SA 

and AF).  

Concerning variations in persistence with respect to activity types, we found the following outcomes. Learners 

engaged heavily in courses with a large number of assimilative activities (articles and videos), specifically those 

with more videos. Since all the content was made available in the English language, one would expect that Anglo-

Saxon learners will be slightly more interested in reading articles. However, a large number of reading-based 

material in a course was disfavored by most learners, surprisingly enough, even by learners residing in English 

speaking countries. 

Against the general belief that learning videos should be the central learning feature in MOOC learning designs, 

we found an increasing number of videos to be positively linked with retention of South Asian learners only. The 

finding was consistent with previous research (Liu et al., 2016; Reinecke & Bernstein, 2011) that observed a 

preference for videos or visuals over text, particularly in collectivists countries such as those from South Asian 

region. But collectively, the growing number of video-based activities was slightly unfavourable to the rest of the 

regions, both collectivists and individualists. 

In line with others (Liu et al., 2016; Ogan et al., 2015), we found that the FutureLearn platform's underlying 

pedagogy, 'education in a social learning space', (Manathunga et al., 2017) worked better for the largest subgroup 

of western learners, who primarily belonged to English speaking or European countries with affluent economies. 

However, the same discussion-based activities were found to be constraining countries with limited resources and 

lower-middle-income level: South Asian or African regions. Open discussion of ideas and knowledge is a more 

common trait in individualistic societies with low power distance scores. This difference in cultural constructs 

might explain the increased risk profile of South Asian and African learners, associated with the number of 

discussion activities. Previous literature suggests that content in a MOOC can be influenced by the cultural values 

of the country where the course was produced (Bayeck & Choi, 2018). A FutureLearn MOOC developed in the UK, 

may probably be designed primarily with UK-based learners in mind (either explicitly or implicitly), while assuming 

that large number of discussion-based activities will facilitate learners in general. 

Through MOOCs, learners preferred to be quizzed in moderation. A large number of quizzes led to large early 

dropouts, specifically for learners from European and Anglo-Saxon region – mainly upper or upper-middle-income 

countries. In contrast with a previous study (Author D, 2015), we found similarities in African and Latin American 

regions. However, we found a smaller negative association between the number of quizzes and risk to persistence 

in South Asian and Middle Eastern learners.  

A change in the number of all four types of learning activities led to precisely the opposite results for the two 

largest geo-cultural subgroups in data: Anglo-Saxon (AS) and South Asian (SA) regions, as well as for the two largest 

socioeconomic subgroups of High Income (HI) and Lower-Middle Income (LMI) societies. This might potentially be 
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explained by the fact that most learners from advanced (European or English-speaking) countries may already have 

high income and education levels (Hansen & Reich, 2015), who would enroll in free online courses for "knowledge 

attainment" or merely learning for pleasure. Not interested in certification, these learners may be deterred by the 

increasing number of quizzes in an online course. In comparison, certification might be more important for learners 

from collectivist, high power distance regions such as South Asia, Africa, and the Middle East. We found either 

negative or a relatively small positive association between the number of quizzes and early dropout risk for these 

three geo-cultural clusters. Overall, our findings suggest that the result of changing types of learning activities on 

progress varies mainly with the context.  

While measuring and reporting the subset analysis and term interactions, we considered that our study might 

not have covered all factors linked with learner persistence. We found no perfect recipe for the number of learning 

activities in any course. There is probably no ideal combination of coherent activities that work for all learners, and 

we found the search for inclusive design a complicated endeavour. In MOOC pedagogy and MOOC learning design, 

we can recommend elasticity and flexibility. Before we reach the goal of context-adaptive MOOC learning design, 

we suggest a balanced approach – a combination of all types of learning activities, not just video-driven, discussion-

based, or reading MOOCs. 

Overall, this study provides an evidence-based understanding of learner experience from different geo-cultural 

and socioeconomic backgrounds and relates those experiences with the proportion of course content type. This 

evidence has implications in developing culturally adaptive MOOC designs. Therefore, the key contribution of this 

research is that the findings inform about context-centred design. Indeed, by offering learners a choice to opt for 

such an adaptive design, we can ensure that the design is still learner-centred and not merely context-centred. This 

innovative research provides new insight into cultural variation in learning design preferences that inform ongoing 

efforts to create effective online learning environments for people from diverse backgrounds.  

6 LIMITATIONS AND FUTURE WORK 

All MOOCs used in this study were designed by the same learning design team at the OU, after consultation with the 

instructors and subject matter experts. However, the principal limitation in the approach we used is that we had no 

control over learning design factors as there was only one fixed, predetermined design for each MOOC. Another 

approach might be design-based, with a possibility of multiple learning design customisation during and between 

the course run. An experimental manipulation of design constructs in a course can provide causal evidence that 

extends beyond the correlational results we present in this study. Another limitation was that all MOOCs were 

developed by the same university and offered via a single platform. A multi-platform analysis may also yield an 

enhanced understanding. Here it is also important to highlight that learning design factors are a few of the many 

aspects linked with persistence. 

The current analyses have treated geo-cultural clusters and socioeconomic clusters as independent covariates. 

However, more research is needed to understand the potential confounding impact of these two types of covariates. 

Further work should be undertaken to understand the three-way interaction between learning design factors, geo-

cultural and socioeconomic contexts. Moreover, further research is needed to test other potentially influencing 

contextual and demographic factors such as learners’ age or gender. Learners’ trace data alone could not provide 

an in-depth, comprehensive understanding of learners' individual preferences. Therefore, to explore learners' 

choices and learning activities preferences, we recommend a follow-up analysis, preferably using qualitative and/or 

triangulated approaches. 
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APPENDIX A 

Figure A1: KM curves illustrating the differences between survival probabilities with respect to activities accessed for ten cc 

subgroups. The risk table shows absolute number of learners, and the percentage of learners at risk by that point. 

 

Figure A2: KM curves illustrating the differences between survival probabilities for four sec subgroups. 
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Table 1: Number of learners and learners who accessed at least 1% activities (%) in respective courses, median activities accessed (%),  

and the number of learning design (LD) features (Articles, Discussions, Videos and Quizzes). 

Disciplines Course Learners 

(n=49582) 

Lerners with >1% 
activities 
(n=34968) (%) 

Median activity 

(%) [LCL, UCL] 

A D V Q 

Science, Engineering & Math and IT & 

Computer Science 

aml1 1564 1164 (74.4)  8 [6, 8] 32 25 27 24 

Business and Finance Fundamentals bfec11 6232 3831 (61.5) 
 

9 [7, 9] 40 13 16 5 

Business & Management and Creative 

Arts & Media 

bof7 1819 1264 (69.5) 
 

11 [10, 13] 37 13 39 1 

Nature & Environment and Science, 

Engineering & Math 

ere6 1948 1367 (70.2) 24 [21, 24] 44 12 8 3 

Business & Management 

 

fbg7 1280 689 (53.8) 
 

7 [7, 8] 52 7 24 5 

Business & Management 

 

fpb4 1506 956 (63.5) 
 

12 [10, 15] 44 13 21 3 

IT & Computer Science 

 

ics18 7293 4498 (61.7) 
 

9 [8, 9] 92 23 26 1 

Language and Study Skills leapfs1 9186 6461 (70.3) 
 

7 [6, 7] 41 16 28 13 

Business & Management mllt11 4185 3208 (76.7) 
 

8 [7, 8] 60 4 14 4 

Creative Arts & Media and Literature 

 

swf15 14569 11530 (79.1) 
 

8 [7, 8] 78 16 14 6 

Mean ± SD     52.0

± 

19.3 

14.2

± 

6.3 

21.7

± 

9.0 

6.5 

± 

7.0 

 
 

Table 2. Methods employed to address research questions   

RQ Methods Predictors Results 

RQ1 One overarching survival model nA, nV, nD, nQ Table 3 

RQ2 (i) Subset analysis: Subset data based on the ten geo-cultural clusters (cc) 

and fit one survival models for each subset. 

nA, nV, nD, nQ Table 4 

 (ii) Interaction analysis: Fit one survival model to the full dataset and 

extract important interactions using cross-validation. 

cc*nA, cc*nV, cc*nD, cc*nQ  

RQ3 (i) Subset analysis: Subset data based on the four socioeconomic clusters 

(sec) and fit one survival model for each subset. 

(ii) Interaction analysis: Fit one survival model to the full dataset and 

extract important interactions using cross-validation. 

nA, nV, nD, nQ 

 

sec*nA, sec*nV, sec*nD, sec*nQ 

Table 5 
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Table 3. Coefficient estimates and hazard ratios for the Cox regression model fitted to address RQ1. 

Predictor coef (se)  exp (coef) PH test p-value 

nA 0.13*** (0.009) 1.14 0.23 

nV 0.03*** (0.007) 1.03 0.02 

nD -0.03*** (0.008) 0.97 0.33 

nQ 0.14*** (0.007) 1.15 0.10 

Significance codes: ‘***’ p < 0.0001; ‘**’ p < 0.001;  ‘*’ p < 0.01 ; ‘.’ p < 0.05 

 

 

 
 

Table 4. Comparison of coefficient estimates for the models fitted to address RQ2. The table reports coefficients from (i) subset 
analysis and (ii) two-way interaction tests. Hazard ratios are computed by exponentiating these estimates. 

 

  

Cc Learner 

with>1

% 

activities 

Median 

activity 

(%) 

Articles  

(A) 

 Videos  

(V) 

 Discussions  

(D) 

Quizzes  

(Q) 

 

  [0.95LCL,0

.95UCL] 

cc subset 

analysis 

 

Interactio
n test 

(cc*nA) 

cc subset 

analysis 

Interactio
n test 

(cc*nV) 

cc subset 

analysis 

Interaction 
test 

(cc*nD) 

cc subset 

analysis 

Interaction 
test 

(cc*nQ) 

   coef (se) Coef coef (se) Coef coef (se) coef coef (se) Coef 

AF 3391 8 [7, 8] 0.07 ** 

(0.025) 

0.07** 0.02  

(0.021)  

0.02  0.09 *** 

(0.021) 

0.09 *** 0.10 *** 

(0.024) 

0.09*** 

AS 14839 10 [9, 10] 0.25 *** 

(0.014) 

0.24 *** 0.07 *** 

(0.011) 

0.07 * -0.13 *** 

(0.012) 

-0.12 *** 0.23 *** 

(0.012) 

0.23*** 

CA 1141 8 [7, 9] 0.14 * 

(0.054) 

0.14  0.06  

(0.038) 

0.06  -0.13 ** 

(0.043) 

-0.14 *** 0.11 ** 

(0.040) 

0.12  

EE 2064 9 [8, 10] 0.06 * 

(0.035) 

0.06 -0.01  

(0.026)  

-0.01 0.02  

(0.033)  

0.02  0.04  

(0.029) 

0.04 

GE 1159 9 [8, 10] 0.28 *** 

(0.052) 

0.28 *** 0.03  

(0.037) 

0.03 -0.25 *** 

(0.045) 

-0.24 *** 0.26 *** 

(0.040) 

0.25 *** 

LA 1851 9 [9, 10] 0.39 *** 

(0.040) 

0.37 *** 0.09 *** 

(0.027) 

0.09 * -0.12 *** 

(0.036) 

-0.12*** 0.24 *** 

(0.031) 

0.24 *** 

LE 1972 10 [9, 10] 0.18 *** 

(0.039) 

0.18*  0.08 ** 

(0.028) 

0.08. -0.11 ** 

(0.036) 

-0.11 *** 0.13 *** 

(0.031) 

0.12  

ME 3039 6 [5, 6] 0.08 ** 

(0.032) 

0.08 0.09 *** 

(0.025) 

0.10 * 0.04  

(0.026)  

-.05  0.07 * 

(0.027) 

0.07 

NE 345 8 [7, 10] 0.19 * 

(0.095) 

0.20  0.04  

(0.068) 

0.04  -0.20 * 

(0.081) 

-0.20 *** 0.19 * 

(0.075) 

0.19  

SA 5167 6 [6, 6] -0.04 * 

(0.021) 

-0.05*** -0.06 *** 

(0.018) 

-0.07** 0.19 *** 

(0.019) 

0.21*** -0.03 * 

(0.019) 

-0.04 *** 

Significance codes:  ‘***’ p < 0.0001; ‘**’ p < 0.001;  ‘*’ p < 0.01 ; ‘.’ p < 0.05 
Entries with light grey font colors were found to be insignificant. Cells highlighted in blue indicate interaction terms that were 
selected in cross-validation (using cv.glmnet and default lambda = 1se, as recommended (Hastie & Qian, 2014)) 
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Table 5. Comparison of coefficient estimates for the models fitted to address RQ3. The table reports coefficients from (i) subset 
analysis and (ii) two-way interaction tests. Hazard ratios are computed by exponentiating these estimates. 

 

Sec Learners 

with >1% 

activities 

Median 

activity 

(%) 

Articles  

(A) 

 Videos  

(V) 

 Discussions  

(D) 

Quizzes  

(Q) 

 

  [0.95LC

L,0.95U

CL] 

sec subset 

analysis 

Interaction 
test 

(A * sec) 

sec subset 

analysis 

Interaction 
test 

(V * sec) 

sec subset 

analysis 

Interaction 
test 

(D * sec) 

sec subset 

analysis 

Interaction 
test 

(Q * sec) 

   coef (se) Coef coef (se) Coef coef (se) Coef coef (se) coef 

HI 20267 9 [9, 10] 0.23 *** 

(0.01) 

0.22 ***  0.06 *** 

(0.009) 

0.06 *** -0.13 *** 

(0.010) 

-0.12 *** 0.20 *** 

(0.009) 

0.20*** 

UMI 5111 7 [7, 8] 0.16 *** 

(0.02) 

0.17* 0.04 * 

(0.017) 

0.041 0.01  

(0.019) 

0.01*** 0.15 *** 

(0.019) 

0.15 * 

LMI 8709 6 [6, 6] 0.01  

(0.016) 

0.01*** -0.01  

(0.014) 

0.01*** 0.12 *** 

(0.014) 

0.13*** 0.02  

(0.14) 

0.02*** 

LI 881 7 [6, 7] 0.04  

(0.05) 

0.04 *** 0.01  

(0.05) 

0.01 0.09 * 

(0.04) 

0.09*** 0.04  

(0.04) 

0.04 ** 

Significance codes:  ‘***’ p < 0.0001; ‘**’ p < 0.001;  ‘*’ p < 0.01 ; ‘.’ p < 0.05 
Entries with light grey font colors were found to be insignificant. Cells highlighted in blue indicate interaction terms that were selected in 
cross-validation (using cv.glmnet and default lambda = 1se, as recommended (Hastie & Qian, 2014)) 
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Figure 1: Distribution of learners in ten geo-cultural and four socioeconomic subgroups. 

 

 

 
 

 

 

Figure 2. Contrasting behavior of learners in the two largest geo-cultural subgroups, Anglo-Saxon (top) and South Asia (bottom), 

showing the opposite results for the two largest geo-cultural subgroups in data. 

 

 

Jo
urn

al 
Pre-

pro
of



2 

 

Figure3: The contrasting behavior of learners in the two largest socioeconomic subgroups: High Income (top) and Lower-
Middle Income (bottom), showing the opposite results for the two largest socioeconomic subgroups in data 
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Highlights: 

 There is no ideal combination of coherent learning activities that work for ALL learners. 

 Certain learning activity types facilitate progress for learners in one context while inhibiting 

another. 

 Preference for video over text was strong in collectivists, particularly those from the South 

Asian region. 

 Making MOOC a social learning space supported western learners from affluent economies. 

 Overall data analysis can mask geo-cultural and socioeconomic heterogeneity in the 

relationship between learning design and learner outcomes. 
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