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Direct and indirect effects in learning: A case of learners in a university in Singapore
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The effects of the direct and indirect relationships of academic 
performance, motivation, learning approach, course perceptions, 
academic background, personality, learning environment and prior 
learning are studied here. The analysis is conducted using Structural 
Equation Modelling (SEM), allowing for a comprehensive examination 
of these complex relationships within the framework of the expanded 
Biggs’ 3P model.

Some of the notable findings include: (1) the indirect effects of personality 
traits -conscientiousness and openness on academic performance; (2) 
the negative effect of a high level of personality trait agreeableness 
on academic performance; (3) intrinsic motivation as a key mediator 
in most of the significant indirect effects as well as being an important 
independent construct; and (4) the direct effects of personality traits (in 
particular, agreeableness and openness) on students’ perceptions of the 
course. The insights gained from this study could provide universities 
with valuable information for designing more effective student support 
and interventions. 
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Introduction 

Being able to study and understand the various factors that 
can affect the academic performance of students provides 
an important handle to design courses and calibrate 
pedagogical approaches that can bring about effective 
student learning. This is especially critical in the light of the 
evolving learning environment, including the disruptions 
caused by COVID-19 where conventional ways of learning 
and teaching may no longer be effective in supporting 
students’ learning needs (Sam, 2022).    

While there is a fair number of studies attempting to 
research factors associated with academic performance, 
the majority of these studies tend to examine these factors 
as either individual contributions or only for a small set of 
them. Teaching and learning interactions are often complex, 
with many factors contributing in a network of influences 
such that an individual contribution can at best provide an 
indication, but often the effect needs to take into account 
the holistic contributions of these factors taken as a whole.  
In other words, it is likely that interactions in a model are not 
a causal chain of independently constituted components 
over time but are the effect of a complex ecology of factors 
(Trigwell & Prosser, 1997). This is consistent with Chung and 
Chapman’s (2023) affirmation that a student’s learning is 
strongly influenced by multiple factors. 

Given the above, the present study seeks to understand 
the nature and extent of the complex relationships among 
the factors, or attributes, that can be identified as potential 
contributors.  These would include students, learning and 
course attributes, linking to the determinants of academic 
performance. An understanding of how these interact and 
collectively contribute to effective learning has the potential 
to guide and facilitate the development of appropriate 
support and interventions for learning, as well as help to 
improve the development of curriculum and assessments. 
While the findings are likely to be context dependent, they 
can still potentially contribute to theory affirmation and 
modification.

The study was conducted in a university which offers part- and 
full-time degree programmes primarily for working adults 
and students who matriculate directly after pre-university or 
equivalent education, respectively. This diversity of student 
profiles would add to the complexity of the interactions of 
students’ attributes and their influence on curriculum and 
its delivery. 

Framing of the research 

This study uses the Biggs 3P model (Biggs, 1989) as its initial 
framing to provide guidance for its design. In its original 
form, the 3P model conceptualises the learning process as 
an interacting system of three sets of variables: the learning 
environment and student characteristics (presage), students’ 
approach to learning (process) and learning outcomes 
(product). For this study, the attributes within each set, 
however, are insufficient to account for the complexities 
of the interactions examined. This resulted in the need to 
expand the 3P model in order to investigate directional 

understanding of direct and indirect relationships across 
a broader range of presage and process attributes with 
respect to the product. The expanded 3P model, with the 
additional attributes (in italics) is as shown in Figure 1. 

Figure 1. The expanded 3P model of teaching and learning 
(Research framework).

The expanded model allows for deeper insights that can 
contribute to how the university can respond in terms of 
targeted support, appropriate interventions, and refinements 
of curriculum and its delivery. The expanded model was also 
discussed by Tan et al. (2024). 

Presage

This study aims to investigate various personal characteristics 
of students as presage factors that may influence academic 
performance. The attributes covered and the rationale for 
their inclusion are shared below.

Academic background: Prior studies have suggested that 
where students come from, in terms of different pre-
university educational experiences, could have an impact on 
their subsequent learning experience in institutions of higher 
learning (Hassan et al., 2020; Kilishi, 2021). As an illustration, 
Kilishi (2021) found that the academic performance of 
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students who attended public schools outperformed those 
who attended private schools for first-year students majoring 
in Economics at a university in Nigeria. Also, in a more recent 
study based on 367 undergraduate accounting students 
in a Malaysian university, it was found that students from 
national secondary schools performed significantly better 
than those from boarding schools and religious secondary 
schools (Hassan et al., 2020). These different educational 
experiences are related to, and could have consequence 
for, which discipline the student would want to pursue.  In 
fact, the selection of discipline to pursue is often complex, 
involving numerous external (e.g., financial, accessibility and 
social) and internal (e.g., personality traits and motivation) 
considerations (Prakasam & Gopinathan, 2019; Vedel, 2014). 
In addition, it seems that students’ adoption of learning 
approaches depends on the discipline they are in (Smith & 
Miller, 2005). Taken as a whole, it is crucial to examine the 
students’ discipline selection in this study. 

An attribute that has not received sufficient attention is 
the ‘Years of study’.  Its inclusion here is motivated by the 
question of whether a student whose progress through the 
university programme is taking longer than the norm has 
any bearing on his/her academic performance. It is noted 
that the pace of progress can be due to a number of reasons, 
including work commitments and academic struggles, which 
would balance against the student being more familiar with 
the learning environment.

Personality: The personality attributes, specifically 
agreeableness, conscientiousness and openness, have been 
found by a meta-analysis conducted by Vedel (2014) to 
be significantly correlated to academic performance, with 
conscientiousness being the strongest predictor.

Instructor: Instructors are an important part of the learning 
environment as they shape students’ learning experiences 
and outcomes. As the personality of instructors could affect 
their teaching style, as highlighted by Kim and MacCann 
(2016), and in turn student learning, a student-to-instructor 
personality attribute match is created, whether the student’s 
core personality trait matches that of the instructor’s core 
personality trait.

Prior learning: Prior learning has been identified as an 
important determinant of academic performance in higher 
education (Aluko et al., 2016; Ellegood et al., 2019; Robbins 
et al., 2004). For example, Garon‐Carrier et al. (2016) 
indicated that prior academic achievement could lead to 
subsequent intrinsic motivation, which has the potential to 
affect students’ academic performance. 

On the other hand, some studies indicated that the impact 
of prior knowledge on academic performance is less certain 
(Bone & Reid, 2011; Du Plessis et al., 2005; Schneider & 
Preckel, 2017). Prior studies seem to suggest that the impact 
of prior knowledge on academic performance might be 
debatable on a broader scale. Prior exposure (through self-
reporting) will be used as a proxy for prior knowledge for 
this study, as there is an overlap between prior exposure 
and prior knowledge, and no assessment will be done in this 
study to assess the level of mastery.

Similarly, there seem to be inconsistent findings across 
different studies about the relationship between prior 
work experience and academic performance (Slover & 
Mandernach, 2018; Mar et al., 2010; Surridge, 2009). 
Despite the uncertainties, both prior exposure and prior 
work experience have been included in this study to better 
understand their effects on students’ academic performance. 

Process

The process factors within the 3P model pertain to how 
students learn. Naturally, the factor of ‘learning approach’ 
falls within the process domain, just as in the original 3P 
model. 

Given that personality traits of students were strongly 
associated with their intrinsic and extrinsic motivation 
(Ariani, 2013), ‘Motivation’ is deliberately placed as part of 
the process domain, which would allow for the investigation 
of how the presage attributes can affect motivation 
(which in turn can affect learning approach and academic 
performance either directly or indirectly). 

As for ‘Perception’, it is recognised as an individual’s primary 
form of cognitive contact with the world around him/her 
(Efron, 1969) and hence, course perceptions represent 
students’ form of cognitive contact with their learning 
environment. These perceptions are formed and continually 
evolve during the course of learning as students have more 
contact with their instructor as well as the curriculum. Within 
this context, course perceptions are arguably part of the 
process domain. 

Several studies have indicated that students tended to adopt 
deep learning approaches if they had positive perceptions of 
their course (Abraham, 2006; Faranda et al., 2021; Richardson 
et al., 2007).  However, Nijhuis et al. (2007) had found no 
direct relationship between personality traits and course 
perceptions, concluding that the educational programme 
did not seem to favour any particular kind of students. 
Despite this, it is prudent to investigate if the relationships 
between the presage factors and course perceptions could 
be indirect; thus, course perception is included. 

Product

Learning outcomes encompass core subject-based outcomes, 
personal transferable outcomes, and generic academic 
outcomes (Allan, 1996) – i.e., learning outcomes include both 
academic performance and non-academic developments. 
The challenge lies in the design of assessments to capture 
all these aspects.  More often than not, universities tend to 
rely primarily on students’ grade-point average (GPA) as a 
proxy of their academic performance. GPA – the weighted 
mean of course marks (or grade points) for courses required 
to get a formal academic qualification – is, in fact, the 
most common quantitative measure of cognitive skills and 
abilities acquisition (Chemers et al., 2001; Plant et al., 2005; 
Richardson et al., 2012).  
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Using our university as the reference point, it is hoped that 
the insights gained from this study can be extended to 
universities of a similar nature. 

Overview of interactions studied

Various studies have indicated that a student’s adoption 
of a learning approach is influenced by his/her motivation, 
course perceptions, academic background, personality, 
learning environment, and prior learning (Beckwith, 1991; 
Cipra & Müller-Hilke, 2019; Lizzio et al., 2002; Mayya & Roff, 
2004; Tohidi & Jabbari, 2012; Trigwell & Prosser, 1997). It was 
also argued that the interpretation of interactions in a model 
should not be as a causal chain of independently constituted 
components over time, but as a holistic contribution of the 
various factors found to be statistically significant.  To date, 
there is, however, no comprehensive study that examines all 
these potential determinants simultaneously. As such, two 
important considerations were applied in the study of these 
relationships. These are: 

Prior studies that examined attributes of interest 
primarily in isolation or in small sets; and 

The importance of examining the complex 
relationships across the various attributes 
simultaneously. 

(1)

(2)

The expanded 3P model sketches out the pathways linking 
the attributes across the three sets of variables – Presage, 
Process and Product.  These pathways are represented by 
the arrows in Figure 1. A direct relationship refers to the 
examination of how one attribute affects another, whereas 
an indirect relationship examines the effect one attribute 
has on another attribute when mediated by at least one 
other attribute. These formulations provide a handle to 
study the complex interactions amongst the attributes, so 
that the insights gained can inform teaching and learning 
practices.  In examining the myriads of relationships 
within the expanded 3P model, seven sets of relationships 
(pathways) have been shown to have statistically significant 
contributions to understanding factors that affect student 
learning.  These are grouped as hypotheses H01 to H07 and 
summarised in Figure 2 (see Appendix A for a larger image).

To test the hypotheses, the relationships were examined 
using structural equation modelling (SEM).

Methodology

Participants and instruments 

The research sample comprised 475 students from the 
university. The research was conducted in 2022 using data 
collected in 2021 by way of a self-administrated and self-
rated structured questionnaire comprising four sections: 
(1) Revised Two-Factor Study Process Questionnaire 
(R-SPQ-2F) to measure two learning approaches: Deep and 
Surface (Biggs et al., 2001); (2) Revised Course Experience 
Questionnaire (CEQ) to measure students’ perceptions of 

Figure 2. The expanded 3P model of teaching and learning 
(Research framework).

Instructor (i.e., Teaching), Workload,  Assessments, Clear 
Goals and Independence (Ramsden, 1991); (3) The Big Five 
Inventory (BFI) to measure personality traits, Extraversion, 
Agreeableness, Conscientiousness, Neuroticism, and 
Openness  (John & Srivastava, 1999); and (4) The Motivated 
Strategies for Learning Questionnaire (MSLQ) to measure 
the academic motivation of students: Intrinsic and Extrinsic 
(Pintrich et al., 1993). Consistent with prior studies (see, for 
example, Guo et al., 2021; Liu et al., 2023), only selected, 
context-relevant (and not all) MSLQ constructs were used 
in the research and SEM models. Students’ academic 
performance in the form of course marks was extracted 
from the student information system. Ethics clearance had 
been obtained from the Institutional Review Board of the 
University for this study prior to the data collection.

Procedure

The survey was administered (via Qualtrics) to students 
taking analytics and marketing courses in the January 
and July semesters in 2021. The responses collected were 
generally within the mean and standard deviation ranges 
reported by prior studies. Hence, the students’ responses 
were generally typical of those of other students in other 
settings.

SEM examines the structure of interrelationships represented 
by a series of equations that illustrates all the relationships 
among constructs (the dependent and independent 
variables) involved in the analysis. SEM has the ability to 
incorporate latent variables into the analysis. Researchers 
normally first draw upon theory, prior experience, and 
the research objectives to distinguish which independent 
variables predict each dependent variable before using 
SEM for analysis. Through expressing a theory in terms 
of relationships among measured variables and latent 
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Table 1.  Results for EFA.

constructs, researchers use SEM to assess how well the 
theory fits reality as represented by data. Therefore, SEM 
provides a conceptually appealing way to test theory to 
analyse the nature and extent of the complex relationships 
among latent constructs (motivation, learning approaches, 
course perceptions and personality) and the measured 
constructs (academic performance, academic background, 
student-to-instructor personality match and prior learning) 
to test the hypotheses. 

Varoquaux (2018) emphasised that cross-validation is a 
crucial tool to establish model generalisability as it is the 
only non-parametric method to do so. Weston and Gore 
(2006) also highlighted that it is ideal to test the SEM model 
on a separate (cross-validation) sample. To evaluate the 
comparability of the January and July responses, several 
statistical analyses were conducted. The t-test results 
showed no significant differences across all constructs but 
one, indicating that responses from both semesters were 
similar. The only exception is the deep learning approach. 
However, the Cohen’s d of -0.27 (small effect) for the deep 
learning approach indicated that the responses for the 
January semester were largely similar to those of the July 
semester. A comparison of the score distributions further 
confirmed substantial overlap between the two groups, 
supporting the conclusion that the responses for the deep 
learning approach between the two semesters were similar. 
Based on this, responses from the January semester are 
used to build the SEM model and responses from the July 

semester are used to cross-validate the model. The cross-
validated model is then applied to all the data (both the 
January and July semesters) to derive the final SEM model. 

Results

Exploratory and confirmatory factor analyses

Exploratory (EFA) and confirmatory factor analyses (CFA) 
were conducted before the final SEM was performed. 
EFA using varimax rotation with Kaiser normalisation was 
conducted to explore the underlying factor structure for 
the four latent constructs (namely, personality, motivation, 
learning approach and course perceptions) without imposing 
a preconceived structure on them. Following this, CFA was 
used to verify the factor structure for these constructs. Table 
1 summarises the EFA results.

For course perceptions, the items for clear goals and 
independence were not appropriately loaded as intended; 
hence, the misplaced items were removed, EFA was re-
performed. In particular, the items for clear goals were 
loaded onto the assessment as well as independence 
constructs; for independence, the items were loaded with 
items for clear goals. As clear goals and independence 
could not be reliably measured in the local context, they 
were removed from further analysis. Hence, only workload, 
instructor and assessment were included in the SEM model. 
Although one item for instructor was removed (out of 
seven) and two items for openness were removed (out of 
ten), Table 1 (showing factor loadings and the Cronbach’s 
Alpha) indicated that these two constructs were measured 
reliably (Hair et al., 2018) after the removal of these items.
To test the hypothesis that a relationship between the 
measured items and their underlying latent construct exists, 
CFA (or the measurement model for each questionnaire) 
was performed. The model was evaluated using two sets 
of indices: (1) convergent validity (CV), discriminant validity 
(DV), R-square, construct reliability (CR), and variance 
extracted (VE) to examine the validity and reliability of the 
constructs/models; and (2) the absolute, parsimony and 
incremental indices to assess the model fit.

Due to low R-Square, two items were removed for motivation, 
and this improved the validity and reliability of the construct. 
Parcelling of items (Matsunaga, 2008) was performed for the 
learning approach and personality to improve the fit of the 
measurement model, as several of the items did not meet 
the threshold for R-square. This led to better measurement 
models for both learning approach and personality. A total 
of six items were removed for course perceptions due to 
low R-square. After the removal, the validity and reliability 
improved, and the fit of the measurement model for course 
perceptions was acceptable.

To test the measurement model for the four questionnaires 
in one SEM model, all the remaining items of the 10 latent 
constructs (i.e., F2 to F10, F14 to F16 – See Figure 2) were 
included in the model. The CR for all constructs is greater 
than 0.7 (benchmark), except for assessments (which is 
slightly below 0.7 at 0.67). However, the level of CR for 
assessments is deemed to be in the acceptable range 
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(Hair et al., 2018). The VE for all except two constructs are 
greater than the benchmark of 0.5. In particular, the VE for 
intrinsic motivation is very close to 0.5 (0.48); although the 
VE for assessments is 0.41, its Cronbach Alpha indicated 
that it is within the acceptable range (Hair et al., 2018). 
DV is supported as the CR for all the constructs is greater 
than the squared correlation among the constructs, which 
range between 0.00 to 0.43 (both inclusive). In addition, the 
square root of the VE for each construct is greater than its 
correlations with other constructs (Fornell & Larcker, 1981). 
The absolute, parsimony and incremental indices are shown 
in Table 2, with the benchmarks indicated.

Table 2. Fit indices for the four questionnaires.

All the fit indices meet the desired benchmarks. Overall, the 
results indicate that the measurement of the constructs is 
appropriate, and hence it is appropriate to proceed with 
SEM.

Structured equation modelling

Structured equation modelling (SEM) was first performed 
(using SAS programming and IBM-SPSS AMOS v26) on the 
responses from the January semester. Model modifications 
were then done to improve the model fit. Based on the Wald 
test (to delete insignificant paths), Lagrange Multiplier (to 
add significant paths) and Chi-Square difference test (to 
assess the path deletions/additions), modified models were 
then estimated and evaluated (Ullman & Bentler, 2012).  
Figure 3 shows the paths that were deleted and added after 
16 iterations of model modifications (12 paths were deleted 
and 3 paths were added). 

Similar to the evaluation of CFA, the same set of fit indices 
was examined to determine the model fit. As can be seen 
from Table 3, the fit indices meet all the benchmarks.

Figure 3. Deletion and addition of paths (Continuous line 
indicates deletion and dotted line indicates addition).

Table 3. Fit indices for the modified model (January semester).

The modified model was further cross-validated using the 
responses from the July semester. Table 4 shows the fit 
indices of the cross-validated model.

Table 4. Fit indices for the cross-validated model (July 
semester).

O’Rourke and Hatcher (2014) stated that it is not atypical for 
an acceptable model to meet only a few desired thresholds 
but not all. The model indices (see Table 4), except for CFI 
(which is 0.88 – vis-à-vis the 0.90 benchmark), indicate that 
the SEM model constructed based on the January data 
was able to fit the responses for the July semester. Hu and 
Bentler (1999) acknowledged that in practice, especially in 
applied fields like education, CFI values of more than 0.85 
could be accepted when other indices (e.g., RMSEA) support 
model adequacy. In addition, Shi et al. (2019) concluded that 
RMSEA is a more robust index when comparing models of 
different complexity. Therefore, the model has been cross-
validated and hence has model generalisability. Next, the 
SEM model was applied to the January and July semesters 
(combined) to test the hypotheses. The fit indices are shown 
in Table 5.

Table 5. Fit Indices for the SEM model (January and July 
semesters).
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The model indices meet the benchmarks. The χ2/DF of 2.09 
is very close to 2 and is within the acceptable range (Hooper 
et al., 2008). Hence, it can be concluded that the SEM model 
adequately fits the responses for both semesters. Figure 4 
shows the final research framework with a new arrow added 
from personality to course perceptions, indicating the 
existence of direct effects from agreeableness to instructor, 
agreeableness to assessment and openness to workload 
(i.e., three new paths).

Figure 4. Final research framework based on the SEM model.

With the establishment of model generalisability and 
applicability, the total effects (TE), direct effects (DE) and 
indirect effects (IE), along with the respective p-values, are 
examined to better understand the nature and extent of 
the complex relationships among students, learning and 
course attributes, as well as the determinants of academic 
performance (simultaneously). Appendix B shows the total, 
direct and indirect effects along with the p-values based on 
the combined (January and July semesters) data.

Findings and discussion

Direct Effects on Academic Performance (H01): The SEM 
results show that the factors that have a positive direct effect 
on academic performance are: (1) deep learning approach; 
(2) prior exposure; and (3) prior academic performance. On 
the other hand, factors that have a negative direct effect are: 
(1) discipline; (2) number of years of study in the university; 
and (3) agreeableness. 

The results support the notion that students in higher 
education should strive to develop deep learning 
approaches to the subject matter, such as learning through 
application, comparison and critique of ideas.  To facilitate 
such developments, it is important that higher education 
institutions design their curriculum, assessment and 
pedagogies to promote deep learning. As other studies 
have also found (Hailikari et al., 2008; Schneider & Preckel, 
2017), students with strong prior knowledge tend to be able 
to build on that to achieve good academic performance. As 
such, preparatory classes that focus on building relevant 
prior knowledge would likely enable students to more 
successfully navigate their academic learning journey in an 
institute of higher learning. 

It is possible that students become overly confident 
about a particular discipline that they are already familiar 
with, resulting in poor performance. As such, it might be 
beneficial for the universities to state more explicitly the 
general expectations during the freshman orientation and 
the specific expectations during programme briefings. 
More years of study could indicate students’ inability to 
adequately monitor and plan their academic progress, or 
that there are underlying factors affecting their ability to 
cope with their studies. This highlights the need to include 
the years of study as a predictor to identify students at risk 
so that interventions can be taken. The finding that more 
years of study than is normally expected have an impact 
on student performance would suggest that these students 
were somehow struggling to complete the programme.  This 
could be due to a variety of reasons, including an inability 
to effectively plan and monitor one’s academic progress.  
While the actual reasons for the negative impact on learning 
progress are unclear, the finding does point to the potential 
to use a slower/slowing pace of academic progress as an 
indicator of potential academic struggle, which the university 
can then verify and take steps to address.

The finding on the impact of agreeableness requires a more 
nuanced interpretation. In general, agreeableness includes 
attributes such as trust, altruism, kindness, affection, and 
other prosocial behaviours. While this is usually conducive 
to building strong interpersonal relationships, a student 
with a high level of agreeableness might be over-obliging 
and over-compliant, such that they could compromise their 
understanding of the subject matter by not firmly pursuing 
lines of questioning so as to refrain from disrupting the 
learning process for the class. In higher education, there is 
a need for students to analyse information from differing 
perspectives in order to form educated judgments and 
formulate relevant critiques (i.e., defend a disagreement 
with a concept). Students who are high on agreeableness 
might find this challenging due to their cooperative and 
obliging nature, which can adversely affect their academic 
performance. Workshops on constructive criticism and 
effective questioning might benefit this group of students.

Indirect Effects on Academic Performance (H02): The 
following factors have been found to have a positive indirect 
effect on academic performance: (1) intrinsic motivation; (2) 
perceptions of the instructor; (3) conscientiousness; and (4) 
openness. Students who are motivated intrinsically or have 
positive perceptions of their instructors are more likely to 
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devote more resources to their learning, leading to better 
academic performance. The effect of personality traits – 
conscientiousness and openness on academic performance 
is not direct, in contrast to the findings of prior studies 
(Komarraju et al., 2011; Vedel, 2014). In this study, it is found 
that these traits need to be exercised in an environment 
mediated by factors such as motivation, learning approach 
and course perceptions in order to achieve positive academic 
effects. 

The finding that students with polytechnic education 
(polytechnics trained students to be practice-oriented and 
knowledgeable professionals to support the technological 
and economic development of Singapore) did not perform 
academically as well as their counterparts from the more 
academically oriented pre-university programmes such as 
the A-levels and International Baccalaureate speaks of the 
stronger alignment of university and latter’s educational 
experiences. This would likely necessitate the provision of 
sufficient space and curricular structures to allow polytechnic 
students to adapt to university settings. For instance, 
providing preparatory workshops to guide students from the 
polytechnics on learning approaches and academic writing 
skills could prove to be beneficial in easing the transition 
from polytechnics to higher education.

Direct effects on motivation (H03): It can be concluded from 
the results that: (1) conscientiousness; and (2) openness 
have a positive direct effect on intrinsic motivation. Prior 
studies (John & John, 2020; Poropat, 2009) have found 
that personality traits of agreeableness, conscientiousness 
and openness were associated with better academic 
performance, and that intrinsic motivation was significantly 
and positively associated with academic performance. 
This study highlighted that students with higher levels of 
conscientiousness and/or openness are more intrinsically 
motivated (with openness having the higher positive direct 
effect), and that both traits have a positive indirect effect on 
academic performance. This suggests that universities can 
consider enhancing intrinsic motivation through cultivating 
a higher level of conscientiousness (such as self-discipline 
and planning skills) and openness (such as cultivating an 
open mindset).

Students who have: (1) a higher level of agreeableness; 
(2) conscientiousness; and (3) better prior academic 
performance are associated with a higher level of extrinsic 
motivation. Prior studies indicate that extrinsic motivation 
in higher education is unlikely to be sufficient for successful 
learning where the demand for deep understanding of 
the content is often required (Wu et al., 2020). Therefore, 
students would need to cultivate a higher level of intrinsic 
(rather than extrinsic) motivation to enhance their potential 
for better academic performance (Wu et al., 2020) and 
allow for greater adoption of deep learning (Ariani, 2013). 
The effects of extrinsic and intrinsic motivation can be 
highlighted through universities’ student advisory.

On the other hand, students with (1) polytechnic education 
and (2) prior/current work experience are associated with 
a lower level of extrinsic motivation. The reasons for this 
are unclear, although the fact these students have direct 
experience in real-life working environment (whether 

through internship or employment) could indicate a useful 
place to examine for possible connections. 

Direct effects on learning approach (H04): Students who: (1) 
are more intrinsically motivated; (2) have a more favourable 
perception of their instructor; and (3) have a higher level 
of conscientiousness are more likely to engage in deep 
learning practices. These findings are aligned with those 
of prior studies (Chamorro-Premuzic et al., 2007; Faranda 
et al., 2021). The results also show that students who have: 
(4) a similar personality trait as that of their instructor are 
more likely to use deep learning. It can be argued that these 
students could better relate to their instructor; hence, are 
more “receptive” to use deep learning to better understand 
the content.

On the other hand, the results show that students: (1) 
who graduated from polytechnics, and (2) taking a course 
related to their discipline are less likely to use deep learning 
approaches. Students who are: (1) more extrinsically 
motivated, and (2) who graduated from a similar polytechnic 
discipline, tend to use more surface learning. The findings 
provide a better understanding of the challenges that 
students from the polytechnics might face when they enter 
the university and could indicate that the type of pre-
university educational institution that students come from 
has an impact on their subsequent learning experience in 
institutes of higher learning. 

Students who are extrinsically motivated tend to focus on 
the successful completion of learning requirements, and 
surface learning is generally deemed as the more efficient 
way to achieve this with minimum learning effort. 

On the flip side, students who are: (1) more intrinsically 
motivated; (2) have a more favourable perception of their 
assessments; and (3) have a higher level of conscientiousness 
are more likely to use less surface learning. These findings 
are aligned with prior studies (Chamorro-Premuzic et al., 
2007; Lizzio et al., 2002; Tohidi & Jabbari, 2012). However, 
prior studies had examined these effects in isolation, while 
this study has analysed the effects collectively. 

Indirect effects on learning approach (H05): The SEM results 
show that students who have a higher level of: (1) intrinsic 
motivation (via course perceptions); (2) openness; and (3) 
conscientiousness are also more likely to use deep learning 
(vis-à-vis surface learning via intrinsic motivation). The 
findings highlight the importance of intrinsic motivation and 
perceptions that students had of the course, making these 
potential handles for universities to leverage to encourage 
students to use more of deep learning. 

Students who have a higher level of agreeableness are 
associated with less use of surface learning through a 
positive perception of assessments. Riding on this finding, 
universities can make explicit explanations of the purpose 
and learning outcomes of the assessments to help students 
better appreciate the assessments so that they will use less 
surface learning. 
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Direct effects on course perceptions (H06): Students 
who are more intrinsically motivated are more likely to 
have favourable perceptions of workload, instructor and 
assessments. These students enjoy learning for intrinsic 
rewards (such as a sense of satisfaction or achievement), 
and they might perceive the workload, instructor and 
assessments as guiding them to achieve their goals. In 
contrast, students who are more extrinsically motivated 
are more likely to have a less favourable perception of the 
workload. Students who are extrinsically motivated tend to 
focus on the successful completion of learning requirements 
and may perceive the workload as a hinderance. 

Students who have a polytechnic education or have studied 
longer in university also have a less favourable perception 
of workload. These findings could reinforce the argument 
that there is a misalignment between the expectations in 
polytechnic and those in higher education, and students 
who have studied longer in university may have underlying 
factors affecting their ability to cope with their studies, 
leading to a less favourable perception of workload. 
Students who are studying a course that is related to their 
discipline also tend not to have a favourable perception of 
their instructor. Similarly, this adds to the argument that 
such students might be overly complacent; hence, they do 
not see how their instructor can aid them in their learning. 

Students with better prior academic performance have 
more favourable course perceptions of workload and 
assessments. These students might have experienced 
similar workload and assessments that had led them to 
better prior academic results; therefore, they understood 
the benefits of the workload and assessment. On the other 
hand, students who have prior exposure to the content 
have a significant negative direct effect on the course 
perception of assessments. Students with prior/current work 
experience are associated with less favourable perceptions 
of their instructor and assessments. With prior exposure or 
prior/current work experience, these students might not 
comprehend how the instructor or assessments can help 
them gain a deeper understanding of the content. 

Indirect effects on course perceptions (H07): Students with 
polytechnic education have a less favourable perception 
of assessments. This finding, along with the finding that 
students with a polytechnic education have a less favourable 
perception of workload, provides stronger evidence that the 
type of pre-university educational institution that students 
come from has an impact on their subsequent learning 
experience in institutes of higher learning. 

Students with a higher level of agreeableness tend to 
adapt their perspectives to what they are faced with. This 
alignment process (i.e., adapting one’s perspective to the 
circumstances) would likely be easier if they are intrinsically 
motivated, whereas if it is extrinsic motivation, the alignment 
process may face more challenges, and hence the difference 
in terms of favourable or unfavourable perception. Students 
who have a higher level of conscientiousness or openness 
have more favourable perceptions of workload, instructors 
and assessments through (intrinsic) motivation. Personality 
traits of students seem to work hand-in-hand with their level 
of motivation in influencing their perceptions of workload, 

instructor and assessments, especially so for personality 
traits – openness and conscientiousness. The findings may 
shed some light on why personality traits were not found to 
have any relation with students’ perceptions of the course 
as motivation (which was not included in the prior studies) 
plays a critical role as a mediator. 

Direct effect based on new paths: Results of the two new 
paths show that students who have a higher level of 
agreeableness are more likely to have more favourable 
perceptions of their instructor and assessments. Prior 
studies found no relationship between personality traits and 
course perceptions, although Diseth (2013) found that two 
course experience factors (good teaching and appropriate 
workload) were negatively predicted by neuroticism. 
However, this finding is consistent with the characteristics 
associated with agreeableness. Students who are high 
on agreeableness tend to be tolerant, kind and friendly; 
hence, it makes good sense for them to seek satisfactory 
relationships with others. Therefore, they have a more 
favorable perception of their instructor. Students who are 
high on agreeableness are also benevolent and warm, so 
they are more likely to be driven by affective motives. This 
enhances their perception of assessments.

Another new path highlights that students who have a 
higher level of openness have a less favourable perception 
of workload. Students who are high on openness are more 
open to trying new things. This might lead them to perceive 
workload as taking up too much of their time and hindering 
their ability to try new things. (Incidentally, this significant 
negative direct effect is counter-balanced by a significant 
positive indirect effect, leading to an insignificant total 
effect.) 

In conclusion, all seven null hypotheses can be rejected 
based on the responses collected, and this provides 
empirical support for, or affirmation of, a number of 
related theoretical propositions. In addition, the new paths 
highlighted that the personality traits of students do have 
an effect on their perceptions of the course. It can be seen 
from the results that the relationships from one construct to 
another are complex.

Concluding remarks

Today, the relationships among student profiles, learning 
environment, course attributes and learning outcomes are 
central in the field of education. In this study, the Biggs 
3P model was examined and expanded with reference to 
theories and prior studies as well as the empirical results 
based on this study, so as to enable a better understanding 
of the nature and extent of these complex relationships 
and the determinants that affect students’ academic 
performance (both directly and indirectly). The examination 
of the effect of personality on course perceptions is made 
possible through the use of the expanded 3P model. 
Structural Equation Modelling (SEM), which allows the 
examination of the complex relationships among student, 
learning, and course attributes and academic performance, 
was constructed and cross-validated based on responses 
gathered in a local university in Singapore.
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Compared to prior studies, this study uncovers:

A more comprehensive understanding of 
determinants of academic performance; 

Mediation effects among the attributes and 
their impact on academic performance; and

A deeper layer of understanding of the 
attributes and their complex interactions.

•

•

•

The findings are made possible in this study as the 
relationships between the various attributes are examined 
simultaneously (direct and indirect) using an expanded 3P 
model, which is not done in many of the prior studies. With 
the contributions of this study, it is hoped that institutions 
will be able to provide greater student support, identify 
appropriate interventions and design a more integrated 
curriculum and assessments to help students succeed 
academically.

Research limitations

The main purpose of this research is to determine the factors 
associated with academic performance in the following areas 
– student support, intervention and design of curriculum 
and assessments, so as to improve it. The generalisability of 
the findings may be affected by the following factors.

The learning outcome of this study is measured by the 
course marks of the students, which comprises only a part 
of the learning outcome. It is noted that learning outcomes 
also include aspects that are beyond the cognitive skills and 
abilities acquisition as measured by the course marks. 

While the CEQ questionnaire asked the students for their 
perceptions of a particular course, the sampled students 
might have responded based on their perceptions of the 
learning environment in the university as a whole, i.e., 
perceptions based on all the courses that they had taken. 
This may confound the interpretation of the findings. 
Similarly, for R-SPQ-2F (Revised Two-Factor Study Process 
Questionnaire) and MSLQ (The Motivated Strategies for 
Learning Questionnaire), students might have responded 
based on perceptions of the learning environment in the 
university, among other things. In addition, the different 
factors that can influence students’ perceptions of workload, 
instructors and assessments are not examined in this study. 
For example, the perceptions of workload, instructor and 
assessments can be influenced by the students’ previous 
learning experience in their prior educational institutions. 

While SEM is a powerful, multivariate technique to test 
and evaluate multivariate relationships, it is not without 
limitations. For example, although SEM can represent causal 
relationships (under a specific context), a well-fitting SEM 
does not necessarily provide information on the causal 
relationships. Hence, testing the fit of an SEM does not 
equate to a test of causality (Nachtigall et al., 2003). For this 
research, the relationships are examined with reference to 
theories and prior research. This strengthens the support for 
any relationships suggested by the research framework.

Compared to prior studies, this study uncovers a deeper 
layer of understanding of the nature and extent of the 
complex relationships among students, learning and 
course attributes, as well as the determinants of academic 
performance (simultaneously). It is hoped that this study can 
make a significant contribution to the existing literature, as 
well as help improve student success in universities.  
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