Received:
19 January 2017
Revised:
2 May 2017
Accepted:
23 May 2017
Cite as:
Chee Keng John Wang,
Woon Chia Liu, Youyan Nie,
Yen Leng Stefanie Chye,
Boon San Coral Lim,
Gregory Arief Liem,
Eng Guan Tay, Ying-Yi Hong,
Chi-Yue Chiu. Latent profile
analysis of students’
motivation and outcomes in
mathematics: an organismic
integration theory perspective.
Heliyon 3 (2017) e00308.
doi: 10.1016/j.heliyon.2017.
e00308

Latent profile analysis of
students’ motivation and
outcomes in mathematics: an
organismic integration theory
perspective
Chee Keng John Wang a, * , Woon Chia Liu a, Youyan Nie a, Yen Leng Stefanie Chye a,
Boon San Coral Lim a, Gregory Arief Liem a, Eng Guan Tay a, Ying-Yi Hong b ,
Chi-Yue Chiu b
a

Nanyang Technology University, National Institute of Education, Singapore

b

Chinese University of Hong Kong, Hong Kong

* Corresponding author at: Physical Education and Sports Science, National Institute of Education, 1 Nanyang Walk,
Singapore 637616.
E-mail address: john.wang@nie.edu.sg (C.K.J. Wang).

Abstract
The purpose of the current study was to identify the motivation profiles at the
intraindividual level using a latent profile analyses (LPA) approach. A total of
1151 secondary school students aged 13 to 17 years old from Singapore took part
in the study. Using LPA, four distinct motivational profiles were identified based
on four motivation regulations. Profile 1 has very low introjected and low
autonomous motivation (6% of sample). Profile 2 had high external and identified
regulations and very low intrinsic regulation (10%). Profile 3 consisted of students
with high identified and intrinsic regulations (51%). Profile 4 had moderately low
identified and intrinsic regulations (33%). The results showed that the four profiles
differed significantly in terms of effort, competence, value, and time spent on math
beyond homework. The best profile (Profile 3) reported highest scores in effort,
value, competence and time spent on Math beyond homework. The worst profile
(Profile 1) reported lowest scores in all the four outcome variables.
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1. Introduction
STEM (science, technology, engineering, and mathematics) has been always a
focal point of education in many developed countries, including Singapore. This is
because the role STEM plays in global economy through technological innovation,
creation, and problem solving. As the world becomes more technologically
advanced, there is a need to develop more skilled workforce in STEM fields.
However, there is a decline in students taking STEM subjects in countries like
USA (Hossain and Robinson, 2012) and UK (The Institution of Engineering and
Technology, 2008), particularly amongst the 11 to 14 age group. What is even
more worrying is that secondary school students in developed countries placed low
value on or interest in STEM subjects (Sjøberg and Schreiner, 2005). A recent
study (Skatova and Ferguson, 2014) found that undergraduate students in
engineering courses tend to choose their degree based on career prospects
(extrinsic motivation) but had low interest (intrinsic motivation) in the degree.
In the psychology literature, studies have shown that intrinsic motivation or interest
predicts higher self-esteem, life satisfaction, creativity, and self-actualisation,
relative to extrinsic motivation (e.g., Deci and Ryan, 2008; Gottfried et al., 2001;
Kasser and Ryan, 1993). It is thus important to understand the motivation and
interest development in STEM subjects (Krapp and Prenzel, 2011). This study
focuses on mathematics because it is the only subject that is taught from the first
year of elementary school in the Singapore school system as the foundation subject
of STEM.
Several studies found through international assessments that intrinsic motivation,
engagement, and achievement of students in their secondary school years declined
in mathematics (Grades 7–10, approximately 13–16 years old; Gottfried et al.,
2001; Wilson and Mack, 2014). Although Singaporean secondary students
typically perform well in international mathematics assessments (OECD, 2010;
Wilkins, 2004), as far as mathematics is concerned, these students are not free from
psycho-educational factors (such as anxiety and self-doubt) potentially impeding
their subsequent engagement and achievement in the subject (see Stankov, 2010).
In addition, mathematics is an important subject that many students find difficult.
Thus, mathematics is a challenging subject that is likely to trigger the distinctive
motivational patterns related to student views of their ability which may manifest
less strongly in situations in which perceived difficulty is low (Blackwell et al.,
2007; Dweck and Leggett, 1988).
The self-determination theory (SDT) focuses on intrinsic interest or motivation as
the primary driver of self-regulated learning. The theory features the needs for
autonomy (the need to feel ownership of one’s behavior), competence (need for
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producing desired outcomes and to experience mastery and effectiveness; Deci
et al., 1991), and relatedness (the need to feel that one can relate to others and with
the social world in general; Ryan, 1993) as three basic psychological needs.
Transactions with the environment may lead to fulfillment or frustration of these
needs. For example, the need for autonomy is satisfied when people experience
choice and freedom in their actions and frustrated when they feel coerced to do
certain things (Deci and Ryan, 1987).
The organismic integration theory (OIT) is one of the sub-theories of SDT to
explain the process through which extrinsically motivated behaviours can be
transformed into more intrinsically regulated behaviours (Ryan and Deci, 2017).
That is, a process of ‘internalisation’ can take place if the targeted intervention is
applied to individuals with different profiles (Ng et al., 2016). There are different
types of motivation regulations or behavioural regulations in OIT. Intrinsically
motivated individuals engage in fully regulated activities that are performed for the
activities’ own sake and in the absence of any external inducement. That is, the
activities are carried out for the interest and pleasure the activities provide.
Individuals who are not intrinsically motivated may still engage in self-regulated
behavior they do not enjoy when they perceive the behavior to be important or
consistent with their self-identity (identified regulation), when they have partially
internalized external expectations and feel proud of being able to carry out the
behavior or guilty of not being able to do so (introjected regulation), or when they
will be rewarded for carrying out the behavior and punished for not doing so
(external regulation; Deci and Ryan, 1985).
There are two ways to measure intrinsic motivation in the SDT framework. The
most common way is to measure intrinsic motivation is through the use of selfreports of enjoyment and interest of the target activities. Intrinsic Motivation
Inventory (IMI; McAuley et al., 1989) is the most commonly used questionnaire.
The second way is to measure the amount of time spent on the target activity in a
free-choice period (Ryan et al., 1991), such as doing or reading about Mathematics
beyond homework.
Many studies have shown that the self-determined forms of motivation (intrinsic
motivation and identified regulation) predict positive behavioral, cognitive, and
affective outcomes, including strong interest in the activity (Grolnick and Ryan,
1987), preference for continuing the activity when given a choice, and high level
behavioral engagement in the learning task (Deci and Ryan, 2008; Jang et al.,
2010). Similarly, in the domain of physical education, self-determined forms of
motivation predict positive affect toward sports and physical activities (Ntoumanis,
2001; Standage et al., 2003), interest in sports and physical activities (Goudas
et al., 1994), the amount of effort put in these activities (Ntoumanis, 2001), and the
intention to be physically active in leisure time (Standage et al., 2003). In contrast,
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non-self-determined forms of motivation are associated with less desirable
outcomes, such as boredom, and negative attitudes toward physical activity and
low intention to be physically active (Standage et al., 2003).
In recent years, some researchers (e.g., Chemolli and Gagné, 2014; Wang and
Biddle, 2001) suggest that these behavioural regulations interact within individuals
on outcome variables. That is, people can have different combinations of these
regulations represent a motivation profile. Howard and his colleagues (Howard
et al., 2016) argue that there is a need to examine the interaction effects of the
behavioural regulations within a person. In their study, it was found that there were
four motivation profiles characterised as: high levels of amotivation and average to
low levels of all other regulations (Profile 1), very low levels of amotivation,
external, and introjected regulation and moderate identified and intrinsic
regulations (Profile 2), low levels of amotivation and moderate to high levels of
other types of regulations (Profile 3), and a profile with all average levels of all
regulations (Profile 4). These profiles could be differentiated with different
predictors and outcomes.
Typically, there are two ways to examine the relationships between motivation
types and outcome variables. The most common approach is the variable-centered
approach such as regressions or structural equation modelling, which essentially
differentiates variables into dependent variables and independent variables on
common underlying factors, and examines the relationship between the two (e.g.
Morris and Kavussanu, 2008). The other less common but increasingly popular
approach is the person-centered approach, in which people are grouped together
according to their responses on the constructs (e.g., Wang and Biddle, 2001).
Recently, some researchers suggest that Latent Profile Analysis (LPA) can be used
to identify homogenous groups within the total sample with distinct motivation
types and to use the outcome variables as covariates to examine the validity of the
latent profiles (Howard et al., 2016; Wang et al., 2016). If the different profiles can
be differentiated according to the outcomes, it implies that there is convergent
validity of the extracted motivational profiles. Subsequently, interventions can be
designed to the person’s whole motivational profile, rather than on one single
behavioural regulation.

1.1. The present study
The purpose of the current study was to identify subgroups of students with distinct
motivation types. In addition, four outcomes (effort, value, competence, and time
spent beyond homework) were used as covariates to examine the concurrent
validity of the latent profiles obtained.
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Based on findings from previous studies (Howard et al., 2016; Wang et al., 2016),
the following hypotheses were formulated:
H1: There will be at least four distinct profiles based on the four motivation types
of SDT constructs.
H2: Different levels of motivation type will be related to different levels of effort,
value, competence and time spent on Math beyond homework. Specifically,
participants with more autonomous motivation will report higher effort exertion,
value, competence and time spent on Math beyond homework, compared to those
from more controlling motivation latent profiles.

2. Methods
2.1. Participants
Data were collected from 1151 normal stream students in five Singapore secondary
schools. The sample comprised of 679 males and 444 females (28 did not state
their gender), ranging from 13 to 17 years old (M = 14.69, SD = .58). Prior to the
sample collection, approvals from the university’s Institutional Review Board and
the Ministry of Education were attained. The heads of departments for Math were
then contacted to arrange for the administration of the questionnaire. Participants
took about 20 min to complete the questionnaires. Before responding to the
questionnaires, students provided informed consent after having been informed of
the nature of the research project, that participation in the study was voluntary, that
they could withdraw at any time, and that their confidentiality would be
maintained.

2.2. Measures
2.2.1. Academic self-regulation scale (SRQ-A)
The Academic self-regulation scale (SRQ-A; Ryan and Connell, 1989) was
employed to assess four types of behavioral regulation in the Math class. The
common stem used for all items was ‘I do my work in Math . . . ’, followed by the
items. External regulation (e.g., “because I’ll get into trouble if I don’t”) and
introjection (e.g., “because I’ll feel bad about myself if I didn’t”) were assessed
through four items each. Identification (e.g., “because it is important for me to do
well in Math”) and intrinsic motivation (e.g., “because Math is fun”) were
measured through three items each. Response for all the 14 items were given on a
7-point Likert-type scale ranging from 1 (strongly disagree) to 7 (strongly agree).
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2.2.2. Intrinsic motivation inventory
The effort, value and competence subscales of the Intrinsic Motivation Inventory
(IMI; McAuley et al., 1989) were adapted to assess the three outcomes of student
learning in Math. There are three items in effort (e.g., “I put a lot of effort in
Math”), four items in value (e.g., “I believe Math can be beneficial to me”), and
three items in competence (e.g., “I am good at Math”). The items were rated on a 7point Likert-type scale ranging from 1 (strongly disagree) to 7 (strongly agree).

2.2.3. Time spent in math beyond homework
We used three items to capture time spent per week in school for Math lessons,
homework time for Math (include tuition), and time spent on Math beyond
homework in Math. In the analysis, we only use the time spent on Math beyond
homework time per week as this is a behavioural indicator of intrinsic motivation
in the SDT literature (Deci and Ryan, 1985). The students were asked to fill in the
time in hours and minutes per week.

2.3. Data analysis
First, we conducted two confirmatory factor analyses (CFA) to examine the factor
structure of the SRQ-A and IMI using EQS for Windows 6.1 (Bentler, 2006). To
assess the fit of these models to the data, we used Bentler-Bonett normed fit index
(NFI), Bentler-Bonett non-normed fit index (NNFI); the comparative fit index
(CFI); and the mean square error of approximation (RMSEA) and its 90%
confidence intervals to evaluate the adequacy of the CFA models. Values greater
than .90 and .95 for the NFI, NNFI, and CFI are considered to indicate adequate
and excellent fit to the data, respectively, while values smaller than .08 or .06 for
the RMSEA reflects acceptable and excellent model fit (Hu and Bentler, 1999;
Marsh et al., 2005). Next, the reliability coefficients (Rhos; Fornell and Larcker,
1981) of the scales were computed, and the descriptive statistics and the latent
variable correlations of the main variables were tabulated.
In the main analyses, LPA using the four behavioural regulations (external,
introjected, identified, and intrinsic regulations) from the SRQ-A as profile
variables were conducted using Mplus 7.2 (Muthén and Muthén, 2014). Robust
maximum likelihood (MLR) estimator was used and we estimated the solutions
from one to eight profiles. The number of initial stage random starts was set at
10,000 with the 500 best solutions retained for final stage of the optimisations. The
number of iterations was set at 1000. To obtain the best solution, we relied on the
Akaike’s Information Criterion (AIC), the Constant AIC (CAIC), the Bayesian
Information Criterion (BIC), the sample-size adjusted BIC (SSA-BIC), and the LoMendell-Rubin likelihood ratio test (LMR) as suggested by previous research (e.g.,
Marsh et al., 2009; Morin and Wang, 2016). For the first four indicators, a lower
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value suggests better fit. The LMR compares the estimated model (k) with a model
that has one class less than the estimated model (k − 1). Non-significant p values
support the k-1 profile model. Next, the entropy summarises the classification
accuracy, ranging from 0 to 1 with higher value indicating greater accuracy. In
addition, we also examined the models with number of groups that had less than
1% and less than 5% of the cases. It is suggested that solutions with small number
of cases may not be feasible (Marsh et al., 2009).
After the final solution has been identified, we added the four outcomes (effort, value,
competence, and time spent on Math beyond homework) to the LPA models as the
distal outcomes, that is, including them as additional profiles indicators without
allowing them to influence the solution (see Muthén and Muthén, 2014). The
inclusion of these covariates in the model helps to limit Type 1 errors by combining
analyses (e.g., Bolck et al., 2004; Marsh et al., 2009; Wang et al., 2016). Differences
among the profiles in the four outcome variables were compared.

3. Results
3.1. Preliminary analyses and descriptive statistics
The results of the CFA for SRQ-A (Scaled χ 2 = 493.94, df = 63, NFI = .923, NNFI
= .902, CFI = .932, RMSEA = .079, 90% CI of RMSEA = .072 to .085) and the
IMI measures (Scaled χ 2 = 220.76, df = 29, NFI = .942, NNFI = .921, CFI = .949,
RMSEA = .078, 90% CI of RMSEA = .068 to .087) revealed acceptable fit
indices, supporting the factor validity of these measures. The means, standard
deviations, internal reliabilities, and correlations of the main variables used in this
study are presented in Table 1. The rho coefficients ranged from .71 to .91,
indicating satisfactory internal reliability of all the subscales. The participants
Table 1. Descriptive Statistics and Correlations between All Variables of the
Overall Sample.
Rho

SD

1

2

3

4

5

6

1. External Regulation

.71

4.57

1.43

2. Introjected

.72

4.38

1.43

.50**

3. Identified

.85

5.60

1.31

.13**

.47**

4. Intrinsic

.91

4.82

1.66

.01

.38**

.71**

5. Hours

–

177.03

165.23

-.05

.05

.13**

.16**

6. Effort

.76

5.39

1.09

-.01

.23**

.59**

.56**

.15**

7. Value

.78

5.15

1.27

.01

.38**

.55**

.60**

.13**

.62**

-.01

**

**

**

**

.55**

8. Competence
Note.

7

Mean

*

p < 0.05.

.79
**

4.01

1.43

.21

.38

.58

p < 0.01.
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scored relatively high in identified regulation, effort exertion, and values, and
moderately in perceived competence and introjection. The correlations showed that
identified and intrinsic regulations correlated positively with effort, value, and
competence. Value and competence were positively associated with effort.

3.2. Latent profile analyses
Table 2 presents the results of the LPA. The AIC, BIC, and ABIC decreased as the
number of profiles increased, but only marginally from four to eight groupsolutions. The entropy values were also greater than 0.7 for all the models. The p
values of the LMR for K versus K-1 classes were also not significant from four
profiles onwards. In other words, the four or more group solutions were not
significantly better than the three-group solution but the three-group solution had
one profile with less than 5% of the cases. Based on all considerations, a four-group
solution was considered the best.
The descriptive statistics of the four profiles are presented in Table 3. Profile 1
consisted of 5.8% of the sample and is characterised by “very low levels of
introjected, identified, and intrinsic regulation”. There are 62.0% male students and
38.0% female students. Profile 2 is characterised by “high external, high identified,
and low intrinsic motivation, as the Z scores had indicated. There are 10.2% of the
students in this profile with 57.0% male students and 43.0% female students.
Profile 3 had about half of the sample (50.7%) with 58.7% males and 41.3%
females. The characteristic of this profile is ‘high in identified and intrinsic
motivation’. Finally, profile 4 consisted of 33.2% of the sample with 63.9% boys
Table 2. Latent Profile Fit Statistics for Models Based on the Four Motivational
Types.
Model

LL

Scaling #FP AIC

BIC

ABIC

1 Profile

-7674.40

1.11

10 15368.80 15419.28 15387.52

2 Profiles -7496.46

1.30

3 Profiles -7399.37
4 Profiles -7309.96

aLMR BLRT Entropy <5%
–

–

–

–

15 15022.91 15098.64 15050.99

≤.001 ≤.001

.733

0

1.24

20 14838.75 14939.71 14876.19

≤.001 ≤.001

.851

1

1.80

25 14669.93 14796.14 14716.73

.431 ≤.001

.830

0

5 Profiles -7260.67

1.75

30 14581.33 14732.79 14637.50

.355 ≤.001

.842

2

6 Profiles -7203.93

1.54

35 14477.86 14654.56 14543.39

.152 ≤.001

.803

1

7 Profiles -7168.56

1.42

40 14417.13 14619.06 14492.01

.119 ≤.001

.817

2

8 Profiles -7131.06

1.46

45 14352.13 14579.30 14436.37

.293 ≤.001

.815

3

Note. #FP: Free Parameters; LL: Model Loglikelihood; Scaling = scaling factor associated with MLR
loglikelihood estimates; AIC = Akaike’s Information Criterion; BIC = Bayesian Information Criterion,
ABIC = sample-size adjusted BIC; aLMR = Adjusted Lo-Mendell-and Rubin likelihood ratio test,
BLRT: Bootstrap Likelihood ration Test.
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Table 3. Cluster Means, Standard Deviations, and z Scores for the Four-Profile Solution of the LPA.
Variables

Cluster 1
Mean

Z

SD

3. External

4.42

4. Introjected

2.32

3. Identified
4. Intrinsic
5. Hours

Cluster 2

1.67

Mean

Cluster 3
Z

SD

Mean

Cluster 4
SD

Z

Mean

SD

Z

-.10

5.21

1.34

.44

4.67

1.53 .07

4.25

1.15 -.22

.95 -1.44

4.38

1.47

.00

4.97

1.38 .41

3.84

.94 -.38

2.66

.87 -2.25

6.08

.67

.37

6.54

.52 .72

4.53

.62 -.82

1.87

1.01 -1.77

2.93

.87 -1.14

6.11

.83 .77

3.97

1.00 -.51

133.61 174.85

-.26

149.70 149.77

-.16

200.32 165.86 .14

157.48 162.32 -.12

6. Effort

4.04

1.13 -1.23

5.20

.99

-.17

5.95

.82 .52

4.81

.95 -.53

7. Value

3.59

1.31 -1.23

4.65

1.31

-.39

5.79

.96 .51

4.58

1.08 -.44

8. Competence

2.69

1.30

2.99

1.21

-.71

4.65

1.28 .45

3.58

1.22 -.30

-.92

Cluster characteristics
Cluster n

67

118

584

382

Male’s n (%)

41 (62.0)

65 (57.0)

336 (58.7)

237 (63.9)

Female’s n (%)

25 (38.0)

49 (43.0)

236 (41.3)

134 (36.1)

and 36.1% female. This profile had “low identified and intrinsic motivation” but
scored moderately low in external and introjected regulations. A chi-square test
using profile and gender was conducted and there were no gender difference
among the profiles. The most adaptive profile should be the Profile 3, followed by
Profile 2, the most maladaptive profile should be Profile 1 (see Fig. 1).

3.3. Covariates of the profiles
The four covariates were added to the final LPA model, and the results from this
analysis are reported in Table 4. The results confirmed that students from Profile 3

[(Fig._1)TD$IG]

Fig. 1. Characteristics of the latent profiles on motivational regulations. (Note: The results were
standardised to help in the interpretation of this histogram).
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Table 4. Relationships between LPA Membership and Outcome Variables.
Outcome

Profile 1

Profile 2

Profile 3

Profile 4

Mean (SE)

Mean (SE)

Mean (SE)

Mean (SE)

Hours

133.61 (19.99)a

149.70 (15.06)a

200.32 (6.77)b

157.48 (8.37)a

3>4=2=1

Effort

a

5.20 (.08)

b

5.95 (.04)

c

4.81 (.05)

d

3>2>4>1

b

5.79 (.04)

c

4.58 (.05)

b

3>2=4>1

3.58 (.06)c

3>4>2=1

4.04 (.11)

a

Value

3.59 (.13)

4.65 (.10)

Competence

2.69 (.15)a

2.99 (.11)a

4.65 (.05)b

Differences between Profiles

Note. Different superscripts in the same row indicate significant difference at p < .05.

had the best motivation, that is, they had the highest effort, value, competence and
spent more time in doing Math beyond homework, compared to other profiles (all
ps < .05). Profile 2 reported higher effort than Profiles 1 and 4 (ps < .05) and
higher value compared to Profile 1 (p < .05). Profile 4 had higher effort and value
compared to Profile 1, and higher perceived competence compared to Profiles 1
and 2. There were no differences in terms of time spent beyond homework between
Profiles 1, 2 and 4. Overall, the results showed that only students with in Profile 3
with high autonomous motivation (identified and intrinsic) reported spending
additional time in Math beyond homework, they also valued the subject, exerted
more effort and had higher perceived competence in the subject, than all other
profiles (see Fig. 2).

4. Discussion
The aim of this study was to identify distinct motivational profiles of students and
how distinct these motivation profiles relate to four outcomes (effort, value,
competence, and time spent on Math beyond homework). Recent studies have
examined the factor structure of the four motivation types of SDT using different
methodologies such as Rasch analysis (Chemolli and Gagné, 2014), Exploratory

[(Fig._2)TD$IG]

Fig. 2. Characteristics of the latent profiles on the outcomes variables. (Note: The results were
standardised to help in the interpretation of this histogram).
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Structural Equation Modelling (ESEM, Gagné et al., 2015) and LPA (e.g., Morin
and Wang, 2016). The latest study shows that LPA analysis is a promising
approach as it could help to identify prototypical profiles of students with welldefined and clearly differentiated configurations of behavioural regulations. In
addition, the convergent validity of the extracted LPA profiles could be tested with
different outcome variables. This is shown in this study.
The results of the current study support the first hypothesis (H1); it has identified
four distinct profiles based on the four motivation types. The most adaptive profile
should be Profile 3 with half of the sample, with high identified and intrinsic
motivation; this is followed by Profile 2, with high external and low intrinsic with
about 10% of the students. Next, Profile 4 is characterized by low identified and
low intrinsic motivation (about 33%), and the least adaptive profile is Profile 1,
characterized by very low levels of introjected, identified, and intrinsic regulation
(6%).
In Wang et al.'s (2016) recent study in physical education context, they found five
profiles with totally different combinations of the four motivation types. They
found two profiles with high external and low in other three motivation types, and
one profile with distinctively high introjected motivation, and one profile with low
externals and high identified and intrinsic motivation and a near zero Z score
profile. The motivation profiles found in this study has no similarity to the previous
study. Similarly, Howard et al. (2016) also found very different profiles in the
workers from two countries (Canada and Belgium). This may suggest that
motivation profiles are specific to a particular context.
In addition, introjected regulation does not seem to stand out among the four
profiles. Only one profile shows introjected regulation lower than a standard score
(Z) of .50 (Profile 1). The other three profiles have introjected regulation at
moderate levels. Recently, there are a few studies found that introjected regulation
could be related to adaptive outcomes in the exercise setting (e.g., ThøgersenNtoumani and Ntoumanis, 2006; Wang et al., 2016), however, this was not found
in the current study. A recent meta-analysis conducted by Howard (2017) with 486
samples and 205,000 data points across five domains found that introjected
regulation is not a very strong external factor using multidimensional scaling
method. Specifically, it was found that introjected regulation was equidistant from
both external and identified regulation on a one-dimensional model. This could
explain the inconsistent findings of introjected regulation in previous studies.
The current study found that identified regulation seems to play a pivotal role in all
the four profiles. Identified regulation refers to behaviour that is acted out in
accordance to one’s choice and values (Ryan and Deci, 2017). It is possible that
Singaporean students rely on this regulation in their behaviour in Math. Although
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they see Math as an important subject and will put in effort in the subject, but, this
is still considered as a form of extrinsic motivation.
It was found that about 51% of the students are in the most adaptive profile (Profile
3), these students have highest identified and intrinsic motivation towards the
subject. This shows that more than half of the students are interested in the subject.
This may serve as a success indicator of Mathematic teaching in Singapore. The
achievements of Singapore Mathematics are well known in the world. According
to the Trends in International Mathematics and Science Study (TIMSS) or Program
of International Student Assessment (PISA; OECD, 2011), Singapore is one of the
top achieving countries in Mathematics. There is also no gender gap in
Mathematical achievement at any age. This study shows that the autonomous
motivation (identified and intrinsic motivation) of the students may have a part to
play in mathematical performance or vice versa. This is in line with OIT prediction
that the self-determined forms of motivation (intrinsic and identified regulations)
predict positive outcomes and achievement (Deci and Ryan, 2008; Grolnick and
Ryan, 1987). However, it is also equally worrying that 39% of the students from
Profiles 1 and 4 (5.8% and 33.2%, respectively) are not motivationally adaptive
towards Mathematics. It is important to note that the students from this study are
from the normal stream of the Singapore Education system. The normal stream is a
4 year secondary school programme caters for the bottom 40% of the cohort based
on their performance in the Primary School Leaving Examination results. This
study highlights that although Singapore may be successful in student achievement
in Mathematics, there seems to be a large proportion of normal stream students at
the bottom end who are not optimally motivated towards the subject.
The second hypothesis states that different motivational profiles will be related to
different levels of effort, value, competence and time spent on Math beyond
homework. Time spent beyond homework was used as an indicator of intrinsic
motivation. The findings of the present study support this hypothesis in that
participants with more adaptive motivation profiles reported higher in effort
exertion, value, competence and time spent on Math beyond homework, compared
to those from more less adaptive motivation profiles. Specifically, it was found that
Profile 3 with high identified and intrinsic motivation is the only group that
reported significantly higher on the mean scores in effort, value, competence, and
time spent on Math beyond homework. Contrastingly, students from Profile 1 with
the lowest introjected, identified, and intrinsic regulations reported lowest in all the
four covariate outcome variables. The differences between Profiles 2 and 4 may
not be that clear cut. Students in Profile 2 are those with high external, high
identified, and low intrinsic motivation, they reported higher effort exertion
compared to students from Profile 4, but students in Profile 4 seems to have higher
competence and spent more time on Math beyond homework compared to students
from Profile 2.
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These results suggest that promoting higher autonomous regulation (identified and
intrinsic) is key if teachers want their students to value, feel competent, and put
more effort and time into Mathematics. According to the motivational sequence
proposed by Vallerand and Losier (1999), autonomous forms of motivation are the
consequences of the three psychological needs (competence, autonomy, and
relatedness) being satisfied (Ryan and Deci, 2017). This in turns results in positive
behavioural, cognitive, and affective outcomes (Deci and Ryan, 1985; Grolnick
and Ryan, 1987; Jang et al., 2010). On the other hand, controlled forms of
motivation (introjected and external regulations) are due to the three basic
psychological needs not being satisfied. This leads to less positive outcomes
(Chemolli and Gagné, 2014; Standage et al., 2003; Wang and Biddle, 2001).
There are important practical implications for teachers to promote self-determined
forms of motivation. This can be done through creating a conducive classroom
using the autonomy-supportive teaching approach (Deci and Ryan, 2016). Reeve
(2016) has outlined six aspects of autonomy-supportive teaching specifically to
help teachers enact these instructional behaviours. These six categories are: (1)
take the student’s perspective; (2) vitalize inner motivational resources; (3) provide
explanatory rationales for requests; (4) acknowledge and accept student’s
expressions of negative affect; (5) rely on informational, nonpressuring language;
and (6) display patience.
As teachers plan and prepare for lessons, it is important for teachers to take the
students’ perspective (e.g., needs, interest, ability, progress, class dynamics). Once
the lesson begins, teachers aim to vitalize their students’ inner motivational
resources. This can be done by increasing students’ curiosity, and nurturing their
needs for competence, autonomy and relatedness. Teachers need to provide strong
rationale particularly for tasks that are difficult or uninteresting. During the lesson,
teachers need to accept that students may display negative behaviours (disengagement, misbehavior, or poor performance) or affect (complaints, protests, negative
emotion). Instead of reacting defensively to students’ negative affect, teachers
should accept and acknowledge these and try to communicate to their students
using informational and nonpressuring language. This is important for maintaining
a positive teacher-student relationship and allows students to take ownership of
their learning. In order to do this, teachers need to display a lot of patience. It is
only through providing students with the time and space they need to learn, will the
students’ intrinsic interest for the subject be ignited (Reeve, 2016). Research has
shown that using this autonomy-supportive teaching approach facilitates the
fulfilment of the three psychological needs, and this in turn, promotes autonomous
motivation among the learners (Jang et al., 2010).
This study makes some significant contributions to the literature in the use of LPA
models incorporating the use of “distal outcome” as covariates within a LPA
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model. This approach helps to reduce the type I errors by combining the analyses
into one step. Secondly, this study showed that autonomous motivation is
associated with effort, value, competence and intrinsically motivated behaviours.
However, there are also a few limitations that need to be highlighted. Firstly, the
data from this study is cross-sectional in nature and therefore causal relationships
between the variables cannot be inferred. The possibility remains that the outcome
variables used in this study could be the predictors of the motivation profiles.
Secondly, the measurement for time spent beyond math homework was selfreported and required participants to recall time spent in the past 7 days, thus, it
may include some subjectivity. There is a need for more valid, direct, and objective
measures in future studies. Thirdly, this study only measures positive outcomes.
There could be some negative cognition, affect, or behavioural consequences of
controlling regulation. Finally, this study did not measure teachers’ autonomysupport in the classroom and students’ need satisfaction. If these variables are
included, the motivation sequence proposed by Vallerand and Losier (1999) could
be tested using structural equation modelling.
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