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Older students have reported a series of barriers to starting their higher education experience. However, quantitative evidence suggests that older students, particularly older women, have unique approaches to learning that enhance their satisfaction with their higher education studies. The current study sought to extend these findings by quantitatively examining an interaction between age and gender in predicting approaches to learning and subsequent academic achievement. The research provided an original analysis from two previous studies. Participants consisted of Australian and United Kingdom undergraduates. The Australian samples were 367 undergraduates at an Australian public regional university. The United Kingdom samples were 2,163 undergraduates enrolled with a distance higher education provider. Participants completed a research survey either online or on paper. Consistent with previous research, age moderated the effect of gender on deep learning, such that gender predicted deep learning more strongly among older students than younger students in both samples. Furthermore, gender predicted achievement in both samples, such that women out-performed men. Finally, deep learning only explained the relationship between gender and academic achievement when students were older. Based on this evidence, higher education institutions should consider and address the barriers that adult students, particularly older women, experience in order to enhance the social mobility benefits from a university degree that this non-traditional higher education group accrues.
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INTRODUCTION

Educational researchers have identified different approaches to learning (Marton and Säljö, 1976; Richardson, 2005). Deep learning approaches represent students’ attempts to understand the meaning of course materials, and are marked by engagement with the content, the relation of what is learned to previous knowledge and everyday experience, and attempts to understand the logic of arguments (Entwistle, 1987). Surface approaches indicate the use of memorization to retain course materials for assessment, without reflecting on the purpose of the tasks or the principles that can be derived from teaching examples (Entwistle, 1987). These different learning approaches have different implications for academic achievement (Robbins et al., 2004). The impact of age and gender on the employment of these learning approaches has been established (Richardson, 2013), but limited attention has been paid to how age and gender interact to predict learning approach. Rubin et al. (2018) found that older women demonstrated deeper learning than other demographic groups at university, and that this deeper learning had a positive impact on their degree satisfaction. These findings accord with a qualitative literature that identifies older students as having a clear understanding of the personal meaning and relevance of their studies (McCune et al., 2010). However, qualitative studies also indicate that older students hesitate to attend higher education due to a series of outside commitments (Fragoso et al., 2013), and they feel stigmatised when they do participate (Mallman and Lee, 2016, 2017). Hence, higher education institutions should pay closer attention to the barriers that older students, particularly older women, experience in their higher education transition (Andreou et al., 2006).

The current study presents an original analysis of two previous studies on the learning approach of tertiary education students (Richardson, 2005; Rubin et al., 2018). Rubin et al. (2018) examined the interaction between age and gender in predicting learning approaches among on-campus university students at an Australian public university. The present analyses represent a subset of participants from the sample reported in Rubin et al. (2018), who gave permission for their academic records to be accessed. We explicitly review the findings of Rubin et al. (2018) in this literature review as it is directly relevant to the interactive effect of age and gender on approach to learning. Richardson (2005) reported the relationships between approaches to learning and their perceptions of their academic contexts in students enrolled via distance learning at the Open University in the United Kingdom. Because the findings of Richardson (2005) did not report on any demographic effects associated with learning approach, or examine academic achievement, we do not address it in further detail in our literature review.

This research considers the interaction of age and gender on learning approaches and tertiary education achievement. Academic achievement data was not reported in Richardson (2005), and data on academic achievement was not available at the time Rubin et al. (2018) conducted their original analyses. We tested the hypothesis that age and gender interact to predict deep learning, such that older women are most likely to employ deep learning strategies. We also explored the possibility that deep learning explains (mediates) the association between gender and university achievement only among older students. Our conceptual model is a moderated mediation model, and it can be found in Figure 1, along with the corresponding statistical model that forms the foundation of our analyses. The following literature review explores each of the links in our model in further detail.
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FIGURE 1. Hypothesized first-stage moderated mediation model including; (A) the conceptual model; and (B) the statistical model specifically tested. a_1 = effect of gender on deep learning; a_2 = effect of age on deep learning; a_3 = effect of the interaction between age and gender on deep learning; b = effect of deep learning on achievement; c′ = direct effect of gender on achievement (with gender, age, and deep learning controlled).


Women outperform men in academic achievement at all levels of schooling and in all subjects (Voyer and Voyer, 2014). These differences in achievement are difficult to account for because the differences between men and women on cognitive tasks are negligible (Caplan et al., 1997). Consistent with previous research findings, we hypothesised that women exhibit higher academic achievement than men (pathway c′ in Figure 1).

The evidence that approaches to learning differ by gender is mixed. Some studies have found that men report a greater surface learning approach than women (Salamonson et al., 2013; Rubin et al., 2018), and others have found that women report a greater surface learning approach (Paver and Gammie, 2005). Other studies have identified that women report a deeper learning approach than men (Tarabashkina and Lietz, 2011). Finally, many studies conclude that there are no identifiable gender differences in learning approach (Zeegers, 2001; Andreou et al., 2006; Heikkilä and Lonka, 2006; May et al., 2012).

This lack of agreement on the precise association between learning approach and gender might be due to the small effect sizes evident in gender differences in learning approach. These small effect sizes will be difficult to detect in studies that have small samples (Zeegers, 2001; Paver and Gammie, 2005; Andreou et al., 2006; Heikkilä and Lonka, 2006; Tarabashkina and Lietz, 2011; May et al., 2012). Applying Cohen’s (1988) benchmarks for an appropriate sample size to detect a small relationship at a significance level of 0.05, we identified three studies that had a sufficient sample size to appropriately test gender differences in learning approach (Richardson, 2013; Salamonson et al., 2013; Rubin et al., 2018). Both Salamonson et al. (2013) and Rubin et al. (2018) found that men reported a greater surface learning approach than women. Further, Rubin et al. (2018) found no significant main effect of gender on deep learning. The third study identified no gender effects for either surface or deep learning (Richardson, 2013). Therefore, the question of precisely whether and how gender influences learning approaches is still open for debate (pathway a_1 in Figure 1).

Older students report fewer surface and more deep learning approaches than younger students (Richardson, 1995, 2013; Justice and Dornan, 2001; Fragoso et al., 2013; Salamonson et al., 2013; Rubin et al., 2018). Older students might be more motivated by intrinsic goals such as improving their knowledge, rather than by extrinsic goals related to their career progression (Richardson, 2013).

Researchers have often categorised students into older, non-school leaver groups and younger, school-leaver populations, generally based on a threshold age that ranges from 21 to 30 years and above (Kasworm, 2018). Defining students using a specific age category might not capture the heterogeneity of life situations experienced by students at all life stages (Kasworm, 2018). Our aim in this study was to understand how age influenced learning approach in conjunction with gender (pathway a_2 in Figure 1). Rather than define students as either older or younger than a specific threshold, we choose to refer to younger versus older students in relative terms (Rubin et al., 2018). We achieved this by using age as a continuous variable. This approach substantially increased the statistical power of our analyses (Royston et al., 2006).

Three previous studies have investigated the interactive effect of age and gender on approaches to learning. Andreou et al. (2006) sampled 452 students from a university in Greece and measured approaches to learning using Entwistle and Tait’s (1995) revised approaches to studying inventory (RASI). They found that older students of both genders reported a deeper learning approach than younger students. This effect varied depending on the degree program in which students were enrolled. Sadler-Smith and Tsang (1998) examined the cross-cultural validity of the RASI in Hong Kong (N = 183) and the United Kingdom (N = 225) among second-year business undergraduates. Age and gender interacted to predict learning approach in the Hong Kong sample only. Contrary to Andreou et al. (2006), older male students in Hong Kong reported more deep learning than younger male students. Older female students reported less deep learning than younger female students. Both of these studies had limited power to detect these interaction effects, which could account for the different findings (Blake and Gangestad, 2020). To overcome these power issues, Rubin et al. (2018) sampled N = 983 undergraduate students at an Australian university. Their study found that age and gender interacted to predict deep learning approach, such that older women reported a deeper learning approach than younger women and all men (pathway a_3 in Figure 1). This study had a large sample size, thus overcoming the power issues in previous research. However, given concerns about replicability in science (Zwaan et al., 2018), there is a need to replicate this finding in a similarly large sample in order to show that it is not specific to the particular university sample used by Rubin et al. (2018).

The present studies extended previous research by exploring whether age and gender differences in learning approach had an influence on academic achievement. This part of the research was somewhat exploratory in nature. However, as indicated below, the hypotheses that were tested were established in prior literature.

Deep learning is preferable to surface learning, because it reflects a commitment to understand the meaning of material and to integrate new ideas with previous knowledge (Salamonson et al., 2013). Deep learning predicts better academic achievement (Zeegers, 2001; Paver and Gammie, 2005; Heikkilä and Lonka, 2006; Tarabashkina and Lietz, 2011; May et al., 2012; Salamonson et al., 2013). A surface learning approach sometimes predicts worse academic achievement (Zeegers, 2001; Tarabashkina and Lietz, 2011; Salamonson et al., 2013) and sometimes does not predict achievement at all (Paver and Gammie, 2005; Heikkilä and Lonka, 2006; Richardson, 2007). We expected that deep learning would be positively associated with academic achievement, and we investigated the possibility that surface learning was associated with negative academic achievement (pathway b in Figure 1).

If there are demographic differences in learning approach, then we might also expect learning approaches to explain differences in academic achievement for particular demographic groups. If older women show deeper learning, then we might also expect deep learning to explain (mediate) achievement for this group.

The present study sought to examine the conditions under which learning approaches explain academic achievement. The interaction between age and gender can influence approaches to learning, such that older women are deeper learners than both younger women and all men (Rubin et al., 2018). Given the established association between achievement and learning approaches (Salamonson et al., 2013) an interaction between age and gender might explain academic achievement for these demographic groups through learning approach.

Further, it is widely acknowledged that approaches to learning change depending on the context (Richardson, 2007, 2013), particularly the mode of study (e.g., traditional on-campus attendance), the type of degree program, and the student’s country. We examined the literature and determined that with few exceptions (i.e., Harper and Kember, 1986; Duff, 2003), the research on distance education students was solely conducted by Richardson and colleagues (Richardson et al., 1999; Richardson and Price, 2003; Richardson, 2005, 2006, 2007, 2013). All other examinations of our key effects were conducted on students studying in on-campus modes. In one study, we were unable to identify where students were studying (Smith and Miller, 2005). In many studies, the classroom mode of students was not explicitly stated, thus we drew conclusions about the location of students from the description of the study procedures (Gow and Kember, 1990; Wilson et al., 1996; Justice and Dornan, 2001; Paver and Gammie, 2005; Heikkilä and Lonka, 2006; Heijne-Penninga et al., 2008, 2010; Tarabashkina and Lietz, 2011; May et al., 2012). Further, in an attempt to explicitly compare the literature on approaches to learning in campus-based and distance education students, Richardson (2000) has suggested that the age of students, rather than the learning context, might better account for differences in learning approach. Given the broad assumption that the learning approaches of students in higher education are context dependent, an explicit comparison of the learning approaches of on-campus versus distance education students is both warranted and timely. We therefore sought to compare the findings from an Australian on-campus sample who completed the Study Process Questionnaire (Rubin et al., 2018) with students studying via distance education in the United Kingdom using the RASI (Richardson, 2005). This represents a conceptual replication study, because we are explicitly testing whether age and gender influence a deep learning approach and subsequent achievement in a similar way across different learning contexts, with two alternative measures of learning approaches (Zwaan et al., 2018).

We expected that older students would report deeper learning and less surface learning. Given that learning approach is associated with motivation, and women generally have more intrinsic motivation than men (Bonneville-Roussy et al., 2017), we further predicted that female students would report less surface learning and more deep learning than male students in both the Australian and United Kingdom samples. In addition, we predicted an interactive effect of age and gender in both samples, such that gender differences in learning approach would be larger among older students than among younger students.

The current study further sought to establish whether deep learning explained gender differences in university achievement. Consistent with Voyer and Voyer (2014), we predicted that women in both samples would have higher university achievement scores than men (pathway c′ in Figure 1). We further predicted, based on Robbins et al. (2004), that deeper learning would be associated with higher academic achievement (pathway b in Figure 1). Finally, because older women were more likely to employ deep learning approaches than other students at university, we expected that their deep learning approach might explain their achievement at university.

The analyses reported in this study represent an original re-analysis of two previously published papers (Richardson, 2005; Rubin et al., 2018). The data reported in Richardson (2005) was not collected to test the specific model tested in the current manuscript. In addition, the academic achievement data that was analyzed in this study was not available for analysis in Rubin et al. (2018).



STUDY 1: AUSTRALIAN ON-CAMPUS STUDENTS


Method


Participants

Students were 361 undergraduates from a previous study who gave permission for their academic records to be accessed (Rubin et al., 2018). Students in Australia usually study for 3 years to obtain an undergraduate degree, with selected students studying for 4 years to achieve an honours degree. Students came from all 4 years of undergraduate study (first year N = 192 [53.2%]; second year N = 97 [26.9%]; third year N = 47 [13.0%]; fourth year N = 24 [6.6%]). Participants were from four broad degree types: allied health (N = 139, 38.5%), science (N = 97, 26.9%), business (N = 76, 21.1%), and engineering (N = 30, 8.3%). Participants were 207 women (57.3%) and 154 men (42.7%). The age of the sample ranged between 18 and 66 years, with a mean age of 23.15 (SD = 7.29). Women were more likely to be enrolled in allied health (74.1%) programs, while men were more likely to be enrolled in engineering (93.3%), χ2 (3) = 56.20, p < 0.001. Students enrolled in allied health were older (M = 24.58, SD = 8.40) than those in business (M = 22.04, SD = 6.29, p = 0.016) and engineering (M = 21.30, SD = 2.32, p = 0.028). Consequently, degree type was controlled in our subsequent models.



Procedure and Measures

Students volunteered to complete a 15-min online or paper survey in response to advertisements in online course systems, emails, and visits by researchers to lectures and tutorials. All data were collected in October and November of 2013 (Rubin et al., 2018). This research was approved by the institutional Human Research Ethics Committee.

Deep and surface approaches to learning were measured using the 20-item, Revised Two-Factor Study Process Questionnaire (Biggs et al., 2001). An example item from the deep approach scale is “I work hard at my studies because I find the material interesting.” In contrast, an example item from the surface approach scale was “I see no point in learning material which is not likely to be in the examination.” Both subscale scores had good internal reliability in the current sample (α = 0.81 for deep learning; α = 0.74 for surface learning).

Academic achievement was derived from students’ academic transcripts. A cumulative weighted average mark (WAM) was computed from the courses present on student transcripts at the time of coding, accounting for the number of credit points associated with each course. University policy at this institution was to record course marks of 44 and below as 44, and so the scores ranged between 44 and 100, with 50 the mark required to pass. The course marks were averaged to form an overall cumulative achievement score for each student ranging between 44 and 100. Despite the cut-off at 44 marks, this variable was normally distributed with no evidence of floor effects.



Data Analysis

Missing data represented less than 6% of the total dataset. Mean substitution was used to deal with this missing data, which is appropriate when the missing data represents less than 20% within each scale (Downey and King, 1998). If participants responded to 75% or more of the items included within each scale, then their missing data was replaced with the sample mean for each item. If they did not respond to more than 25% of the items within a scale, then all their data for that scale was removed. Age was substantially positively skewed (skew = 3.01). To produce a more normal distribution, we transformed this variable by computing its inverse function (skewness = −1.20). Because of the inverse transformation, decreasing values for this variable corresponded to increasing age. We coded gender as 1 for men and 2 for women in both samples. All variables were mean-centred (z-score transformed) prior to analyses.

We used Hayes (2013) PROCESS macro for SPSS to test the moderating effect of age on the association between gender and the dependent variables of learning approach, satisfaction, and academic achievement. We also calculated moderated mediation models on university achievement. Here, gender was the predictor and age the moderator of the mediated effect through deep learning.



Results

Table 1 reports descriptive statistics and correlations between age, surface learning, deep learning, and achievement. Age was positively associated with deep learning and negatively associated with surface learning. Deep learning was positively associated with academic achievement, and surface learning was negatively associated with achievement.


TABLE 1. Descriptive statistics and zero-order correlation coefficients.
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The Effects of Age and Gender on Learning Approach

Moderator analyses can be found in Table 2. Older students reported less of a surface learning approach than younger students, with female students reporting less surface learning than male students. There was no significant interaction between age and gender for surface learning. Only gender was a significant and positive predictor of academic achievement, such that women consistently outperformed men.


TABLE 2. Gender, age, and their interaction as predictors of learning approach, degree satisfaction, and academic achievement.

[image: Table 2]Gender was not significantly associated with deep learning. However, age was a significant and positive predictor of deep learning. This main effect was qualified by a significant interaction. We thus compared the effects of age on deep learning among men and women separately in Figure 2A. Older women were deeper learners than younger women, b = −0.30, SE = 0.07, t (203) = −4.19, p < 0.001. Among men, the relationship between age and deep learning was much weaker and non-significant, b = −0.10, SE = 0.08, t (150) = −1.30, p = 0.194.


[image: image]

FIGURE 2. The interactive effect of age and gender on deep learning. (A) Displays the results for the Australian sample, and (B) illustrates the results for the United Kingdom sample.




Regions of Significance

Using the Johnson-Neyman technique (Hayes, 2013), we probed the interaction at different values of the moderator to determine at what point of age the effect of gender on deep learning became significant. Figure 3A shows the Johnson-Neyman plot for the Australian sample. The figure shows that the effect of gender on deep learning was positive and significant at z-score ages above −0.27, with 75.56% of the sample falling above this value. This value corresponded to a real age of 23.05 years. Above the age of 23.05, gender had a significant and positive effect on deep learning, indicating that women reported more deep learning approaches than men. Below this age, the effect of gender on deep learning was non-significant.
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FIGURE 3. Johnson-Neyman plot displaying the point at which gender had a significant effect on deep learning relative to age. (A) Shows the results for the Australian sample, and (B) demonstrates the results for the United Kingdom sample. Upper and lower limits refer to 95% confidence interval (CI) bounds at values of the moderator (age).




Conditional Process Analysis

We tested a conditional process model (Model 7; Hayes, 2013) that examined the impact of gender (the predictor) on achievement (the outcome), with age as a moderator of the pathway from gender to deep learning (the mediator). The analysis is reported in Table 3. Examination of the bootstrapped 95% confidence intervals (CIs) indicated that deep learning mediated the relationship between gender and academic achievement at older ages only, as indicated by 95% CIs that did not cross zero. The index of moderated mediation was significant in the Australian sample, a3b1 = −0.02, SE = 0.01, 95% CI (−0.0466, −0.0023). Figure 4A contains the results of this analysis for the Australian sample.


TABLE 3. The conditional indirect effect of gender on achievement through deep learning at values of age.
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FIGURE 4. Conditional process models for (A) Australia and (B) the United Kingdom, including standardized regression weights for each pathway (standard errors). * p < 0.05; ** p < 0.001.




STUDY 2: UNITED KINGDOM DISTANCE EDUCATION STUDENTS


Method


Participants

The United Kingdom sample consisted of 2,176 undergraduates who were studying their university courses by distance education at one institution in the United Kingdom (Richardson, 2005). Participants were selected from three broad course types: arts (N = 1,482, 68.1%), science (N = 414, 19.0%), and mixed cross-faculty courses (N = 281, 12.9%). Based on the total student enrolments in the selected courses (N = 3,953), the response rate for the United Kingdom sample was 60.6%. At the time this data was collected, students were enrolled in individual course units and were only awarded their degrees when they had accumulated a sufficient number of credit points. This contrasts with the Australian sample, in which students were recruited from degree programs rather than the specific course units within degree programs.

The sample contained 1,400 women (64.3%) and 776 men (35.6%). Participants ranged in age from 21 to 87 years, with a mean age of 48.02 (SD = 12.65). One student did not report their age or gender. Women were more likely to be enrolled in arts (66.8%) and cross-faculty course types (86.1%), and men were more likely to be enrolled in science courses (59.3%), χ2 (2) = 162.80, p < 0.001. Men had a mean age of 49.10 (SD = 13.14), and women had a mean age of 47.42 (SD = 12.33). There was a significant gender difference in age, t (2,174) = 2.97, p = 0.003. Older students were more likely to be enrolled in the arts courses (M = 50.09, SD = 12.82) as opposed to science and mixed cross-faculty courses (ps < 0.001). There was no difference in age between students enrolled in science (M = 44.28, SD = 11.61) and cross-faculty (M = 42.60, SD = 10.13) course types. Because age and gender were associated with course type, we controlled for course type in all subsequent models.

Students were enrolled in intermediate or honours level courses in this sample. Courses at honours level were restricted to the Arts Faculty (Richardson, 2005). We examined whether course level had an influence on the substantive findings for the N = 1,482 students enrolled in art courses. We did not find any effect of course type that changed the moderation or moderated mediation findings.



Procedure and Measures

The procedure was the same as that reported in Richardson (2005). Questionnaires were mailed directly to students in January 2002, followed by a reminder later in the same month. Participants returned completed copies of the questionnaire via mail. Student responses were identified by a special barcode attached to the questionnaire. Only the measures pertinent to the current study are reported here. The re-analysis of the data from this study was approved by the lead author’s (HD) University Human Research Ethics Committee.

Deep and surface approaches to learning were measured using the RASI (Entwistle et al., 2000). Surface and deep approaches were each assessed using 16 items rated on a five-point Likert scale ranging from disagree (1) to agree (5). An example item from the deep approach subscale was “I usually set out to understand for myself the meaning of what we have to learn.” A surface approach item was “I find I have to concentrate on memorising a good deal of what I have to learn.” The internal reliabilities of these subscales from Richardson (2005) were both moderate: α = 0.66 for the deep approach subscale, and α = 0.63 for the surface approach subscale.

Demographic variables, including age and gender, and final course grades were derived directly from student records. An overall mark for the course was derived by averaging the two assessment components, consisting of coursework and a traditional examination. Potential scores for achievement ranged from 0 to 100, with a pass mark of 40.



Data Analysis

For the United Kingdom participants on the RASI, 89 students had not provided a response to one or more of the 52 items. In most cases, these were regarded as items that did not apply to the student, and so they were coded as “doesn’t apply to me.” Students who had missed four or more items in this scale were dropped from further analysis. There were 2,144 students with complete data on age, gender, learning approach, and course satisfaction.

Again, we used Hayes (2013) PROCESS macro to investigate our hypothesised model for the United Kingdom sample. All variables were checked for normality and transformed if necessary. All variables were mean centred using a z-transformation before being entered into the PROCESS models.



Results

Descriptive statistics and correlations for the United Kingdom sample are shown in Table 1. All associations found in the Australian sample were replicated in the United Kingdom sample.


The Effects of Age and Gender on Learning Approach

The moderator models for the United Kingdom sample are shown in Table 2. In contrast to the Australian sample, gender was a significant and positive predictor of surface learning, indicating that women were more likely to report a surface approach to their studies. Once again, there was no interaction between age and gender in predicting surface approach. Neither age nor the interaction between age and gender predicted academic achievement.

Comparison of the conditional effects of age on deep learning among men and women separately indicated a similar pattern of results to those found in Study 1: For males, age did not predict deep learning, b = 0.05, SE = 0.03, t (772) = 1.53, p = 0.127. In contrast, the effect for women was positive, with older women reporting deeper learning approaches than younger women, b = 0.17, SE = 0.03, t (1396) = 5.96, p < 0.001. The interaction effect is illustrated in Figure 2B.



Regions of Significance

Figure 3B shows the Johnson-Neyman plot for the United Kingdom sample. The figure demonstrates that the effect of gender on deep learning transitioned to positive as age increased. The effect of gender on deep learning was significant at z-score ages above 0.32, with 36.81% of the sample falling at this age or above. This value corresponded to an actual age of 52.07. Above the age of 52.07 years, gender had a significant and positive effect on deep learning, such that women reported more deep learning approaches than men. Below this age, the effect of gender on deep learning was not significant.



Conditional Process Analysis

Results of the conditional process analysis for the United Kingdom sample are shown in Figure 4B. Examination of the bootstrapped 95% CIs once again indicated that deep learning only mediated the association between gender and achievement when students were older. The index of moderated mediation supported this finding in the United Kingdom sample, a3b1 = 0.01, SE = 0.00, 95% CI (0.0019, 0.0173).



DISCUSSION

This study investigated the effects of age, gender, and their interaction on approaches to learning and academic achievement in higher education. Consistent with the findings of previous research, older students in both of the current samples reported deeper learning and less surface learning (Zeegers, 2001; Salamonson et al., 2013). The findings for the main effect of gender were clear: No overall effect of gender was found in either sample for deep learning. Women in the Australian sample were less likely to report surface learning strategies; however, women in the United Kingdom sample were more likely to report a surface approach to learning.

The Australian sample was collected from students studying via on-campus mode (Rubin et al., 2018), while the United Kingdom dataset was derived from students in a distance learning environment (Richardson, 2005). Evidence suggests that learning approach changes depending on the delivery context. For example, Richardson et al. (1999) found that female students enrolled in distance education were more likely to report a reproducing orientation to their studies, a learning strategy that is related to the surface learning approach. Richardson et al. (1999) suggested that older female students in this sample might be driven to adopt a reproducing orientation because of their competing occupational and domestic responsibilities. Hence, the difference between our two samples on surface learning might simply reflect the difference between on-campus and distance education groups of students.

In these studies, age predicted deep learning more strongly among women than men. This finding replicated and extended Rubin et al.’s (2018) results to a sample of distance education students and a different measure of learning approach (the RASI). Rubin et al. (2018) was the first that we are aware of with a sufficiently powered study to identify that older women might exhibit deeper learning than either younger women or men. The quantitative findings further accord with qualitative studies documenting the reasons given by women for attending higher education (McCune et al., 2010). Future studies should test for not only age differences in deep learning, but interaction effects between age and gender. In contrast to the findings for deep learning, there was no interaction between age and gender for surface learning in either sample of the current study; only main effects of age and gender.

The current study extended previous work by demonstrating that the mediation of the relationship between gender and academic achievement by deep learning was only significant among older students. The present research provided some insight into the demographic influences on higher education achievement, and the mechanisms underlying discrepancies in achievement between genders, at least for older students (Voyer and Voyer, 2014).


Strengths of the Current Studies

Both studies retained the original continuous structure of the age variable in both samples. Previous research has tended to dichotomise age to split students into school leavers and non-school leaver groups (Fragoso et al., 2013). Using this approach can increase the risk of both false positive (Type I) and false negative (Type II) errors (MacCallum et al., 2002; DeCoster et al., 2009). The present study achieved an increase in statistical power by treating age as a continuous variable in both samples (Royston et al., 2006).

The current research forms a conceptual replication of the findings on learning approach (Zwaan et al., 2018). Zwaan et al. (2018) described a conceptual replication as a study where there are changes to the original procedures that might change the observed pattern of results. The current study provides a conceptual replication because it varies the context in which students are studying (on-campus traditional university delivery versus distance education), the country they are studying in (Australia versus the United Kingdom), and the measurement of the dependent variable with two prominent measures of learning approach (the RASI and the SPQ). We found some evidence of contextual effects for surface learning, where women were more likely to report surface approaches in distance education, and less likely to report them in an on-campus, younger student sample. Regardless of the context or the learning approach questionnaire used, the substantive pattern of results for deep learning and academic achievement remained the same, lending further support to our findings.



Limitations and Directions for Future Research

Only 367 of the 983 Australian students provided permission for their academic transcripts to be utilised. This represents only 37.3% of the entire sample reported in Rubin et al. (2018). This introduces the possibility of attrition bias, which is unlikely because the demographics of the subset reported in this paper did not differ from the larger sample. Further, simulation of attrition in longitudinal studies suggests that estimates of associations between variables only become biased when attrition is dependent on both baseline and follow-up variables (Gustavson et al., 2012). This was not the case in the current study, where only the follow-up variables were subject to the attrition effect. We further did not collect information about ethnicity in either study. The Australian study was originally designed to examine the experiences of students who were first in family to attend university (Rubin et al., 2018), while the United Kingdom sample was used to examine whether course experiences were associated with learning approaches (Richardson, 2005). Evaluating the influence of ethnic background can be challenging, because the ethnic categories do not readily transfer from one country or culture to another. Second, there is limited research thus far on the effects of ethnic background on Australian tertiary education attainment. Researchers in Australia instead prefer to focus on the major categories of non-traditional university students, including Aboriginal and Torres Strait Islander status and non-English speaking background (Li and Carroll, 2017). Finally, the under-attainment of ethnic minority students in the United Kingdom does not appear to be explained by differences in learning approaches (Richardson, 2010). This does not exclude the possibility that ethnic minority status might influence university attainment in Australian students. Future research might wish to examine the influence of ethnic background on learning approaches and subsequent achievement.

Although this research represents the first that we are aware of to compare the learning approaches of distance learners versus on-campus students, neither study was designed to do so. Students who are distance learners tend to be older and are more likely to be female, a factor we have explicitly modelled in both datasets (Ke and Xie, 2009; Quinn, 2009). These student groups also differ in ways that we did not measure. In a recent Australian study explicitly designed to compare the two groups of students, Johnson (2015) found that students studying on campus had higher extrinsic achievement motivation and self-reported greater need for peer and teacher support in their learning. Students who choose to study online also display different personality traits, such that they are lower on trait extraversion, independence, and higher in self-control than their on-campus peers (MacGregor, 2002). A recent comparison of online versus blended learning students found that online students had more adaptive self-regulated learning strategies (Broadbent and Fuller-Tyszkiewicz, 2018). However, a meta-analysis found no differences in satisfaction between distance education and traditional education formats (Allen et al., 2002). In an examination of students studying a first year biology course in on-campus versus distance modes, those studying on campus make less use of deep learning approaches, and used more surface approaches (Quinn, 2009). However, the group studying on campus in this study were also younger than the distance mode students, making the effect of context difficult to tease apart from the effects of demographics. Future research might wish to compare the learning approaches of students studying via online versus on-campus modes using a purposeful research design, to verify the current findings.

The present study extends the applicability of Rubin et al.’s (2018) findings to a sample of distance education students who responded to a different learning approach questionnaire and who were primarily studying from within the United Kingdom (Richardson, 2005). While the convergence in results suggests stronger evidence for the older women, deeper learning effect found in the original Rubin et al. (2018) paper, it does not extend to different cultural contexts. For example, evidence suggests that Chinese students have qualitatively different beliefs about learning (Li, 2003, 2005). These findings might explain the recent evidence that international students from this region are more likely than Australian students to adopt a deep learning approach (Bowden et al., 2015). However, Bowden et al.’s (2015) research only examines the learning approach of these groups of students when they are studying as international students. This is a problem because learning approaches are supposed to change with the context of study. Hence, these same students might adopt completely different approaches to learning if they are studying for their degree in their country of origin. Further research might examine age and gender together as predictors of learning approach in students from different cultural backgrounds who are studying in their own country.



Implications

The present research demonstrated that gender differences in deep learning help to enhance the achievement of older women only. This raises two related points. The first is why deep learning should only matter for the academic achievement of older women. The second is, if deep learning only matters for explaining the academic achievement of older students, then we need to identify what explains the gender difference in achievement among younger students.

The current research suggests that we should reconsider the conception of the older student learner, especially the older woman, as a disadvantaged group in higher education. The discourse on older learners more generally places them as isolated (Mallman and Lee, 2017), sometimes stigmatised by younger students (Mallman and Lee, 2016), with fewer sources of social support (Carney-Crompton and Tan, 2002). Previous research has also suggested that older female students might be uniquely burdened by family tasks that take attention away from their studies (Gill et al., 2015). The findings of this study suggest that once older students, particularly older female students, make the decision to engage with higher education, they have a particularly rich understanding of the meaning and relevance of their studies (McCune et al., 2010). Consistent with previous research (Lin and Wang, 2018; Rubin et al., 2018), our findings suggest that older women appear more motivated to understand the meaning and application of what they are studying. We do not suggest that older women might be more generally motivated to attend higher education. We instead suggest that older women who have already decided to attend a higher education institution are more likely to employ a deep learning approach to their studies, an approach that has explanatory power for this group’s achievement at university. Higher education institutions might wish to pay more attention to the barriers that older women perceive in attending university, as the evidence suggests that once they arrive they are active, independent, and successful learners.



CONCLUSION

The present research suggests that older women are more likely to deploy learning approaches associated with better achievement, and more likely to subsequently achieve at university. Future research should focus more on how to maximise the potential of this group of higher education students and harness it to support others to succeed in higher education.
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SE, standard error; Cl, confidence interval. Age in the Australian sample has been inverse transformed, which reverses the sign of associations with other variables. Visual
inspection of the scattergrams indicated that the results were not influenced by outliers. Including course type (arts vs. science; allied health vs. engineering) did not
change the pattern of results for learning approaches, degree satisfaction, or academic achievement. These results were independent of course type. Perceived social
status was entered as a covariate in the Australian sample and did not change the results of the moderator analyses. *p < 0.05; **p < 0.01.
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