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Abstract
Mathematics anxiety (MA) and mathematics motivation (MM) are important multi-dimensional non-cognitive factors in mathematics learning. While the negative relation between
global MA and MM is well replicated, the relations between specific dimensions of MA and
MM are largely unexplored. The present study utilized latent profile analysis to explore profiles of various aspects of MA (including learning MA and exam MA) and MM (including
importance, self-perceived ability, and interest), to provide a more holistic understanding of
the math-specific emotion and motivation experiences. In a sample of 927 high school students (13–21 years old), we found 8 distinct profiles characterized by various combinations
of dimensions of MA and MM, revealing the complexity in the math-specific emotion-motivation relation beyond a single negative correlation. Further, these profiles differed on mathematics learning behaviors and mathematics achievement. For example, the highest
achieving students reported modest exam MA and high MM, whereas the most engaged
students were characterized by a combination of high exam MA and high MM. These results
call for the need to move beyond linear relations among global constructs to address the
complexity in the emotion-motivation-cognition interplay in mathematics learning, and highlight the importance of customized intervention for these heterogeneous groups.

Introduction
Mathematics anxiety (MA) and mathematics motivation (MM) are important multi-faceted
non-cognitive factors in mathematics learning. MA refers to the fear and apprehension experienced prior to or during math-related activities [1]. MM captures the extent to which individuals value the importance of math abilities, are interested in math-related activities, and are
motivated to perform well in math [2]. Although studies consistently reported modest to moderate negative correlations between MA and MM [3, 4], their relations are likely more intricate
than a negative linear association.
Wang and colleagues [5] argued that MA and MM are conceptually related but distinctive.
They are related because both capture the valence dimension of math-related experiences,
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with MA capturing the negative evaluation (e.g., fear and uneasiness) and MM the positive
evaluation (e.g., interest and reward). Yet, MA and MM are distinct constructs rather than two
opposing ends of a continuum. MM captures the motivation dimension which defines the
approach versus withdrawal orientation toward math activities, whereas MA offers little information in this regard. In other words, students experiencing apprehension about math activities may avoid similar situations in the future [6], or they may overcome such emotional
challenges by investing more effort [7, 8], with these differential responses being likely related
to how motivated they are. This conceptualization is consistent with factor analytic evidence
showing that MA and MM are two separate but modestly correlated constructs [9, 10]. Such a
conceptualization points to an intricate multi-dimensional emotion-motivation relation that
requires further investigation.
Additionally, both MA and MM are multi-faceted constructs. Depending on the instruments used to measure MA, different factor structures were found. The four most common
factors are anxiety about math tests [11–13], anxiety about performing numerical operations
[11–12, 14], anxiety about performing math in social situations [12–13], and anxiety about
observing and learning materials in math [3, 15]. With respect to motivation, the three most
studied dimensions are self-perceived ability, interest, and importance [2]. Self-perceived ability measures individuals’ perception of their competence in various math tasks. Interest indicates the enjoyment one gains from learning and doing math. Importance refers to the
perceived importance of doing well in math. Given that both constructs are multi-faceted, it is
possible that different aspects of MA and MM relate to one another in distinct ways. For example, students who dread learning new materials in math are unlikely to enjoy math learning,
but they may still consider it important to master math. Students who feel competent in their
math ability may still worry about making a mistake in an upcoming exam. Therefore, a single
correlation between global MA and MM seems insufficient in capturing these complex multidimensional relations. To address this gap, the first aim of the current research is to examine
the relations among the specific dimensions of MA and MM.
The ultimate goal in examining emotion and motivation experiences is to understand how
they relate to math learning and achievement. Many existing studies examined how MA and
MM were each associated with math achievement and learning behaviors. Higher MM and
lower MA were, respectively, associated with higher math achievement [4, 16–19], and with
more engagement in math-related activities such as taking more elective math courses [4, 6,
20]. However, few studies to date examined the combined roles of MA and MM and the possibility of their interactive and nonlinear effects on mathematics learning. One study showed
that after accounting for MM, MA is no longer associated with intention to select math courses
[4], suggesting that math avoidance is primarily associated with the motivation dimension.
Two recent studies revealed that MM moderates the relation between MA and math performance [5, 7], such that high MM mitigates the negative association between MA and math performance. Together, these studies suggested that understanding the complex relations between
emotion, motivation and cognition in mathematics requires investigating diverse noncognitive
characteristics in conjunction rather than in isolation. Therefore, the second aim of the present
study was to explore differences in math achievement and math learning avoidance among
students with different emotional and motivational profiles.
Given that so few studies have examined the relations among specific dimensions of MA
and MM, the current study took an explorative approach by using latent profile analysis to further our understanding of the emotion and motivation experiences in mathematics learning.
Latent profile analysis is a more holistic approach than variable-centered approaches (for
example moderation analysis) in studying relations that are multidimensional in nature, as it
allows the discovery of heterogeneous groups of individuals with similar values on the multiple
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dimensions of interest. The different profiles derived from latent profile analysis represent naturally occurring groups of individuals in the population, characterized by distinctive combinations of various math-related emotional and motivational experiences. A latent profile analysis
approach also allows for the examination of the differences in math achievement and math
avoidance among students with different emotional and motivational profiles. It would be
extremely difficult to study how the multiple dimensions of MA and MM work together in
relation to achievement and avoidance using a variable-centered approach, especially if taking
into consideration both linear and curvilinear, as well as additive and interactive effects. The
advantage of latent profile analysis is that it narrows our focus on the naturally occurring combinations of various dimensions of MA and MM in the population, as opposed to artificially
dividing the sample into arbitrary categories. By comparing the means of math achievement
and avoidance across these profiles, this approach allows us to explore how the existing combinations of MA and MM profiles relate to math achievement and avoidance without assuming
linearity and additivity in their relations.

Methods
Participants
This work is part of the Multi-Cohort Investigation into Learning and Educational Success
(MILES) study. MILES is an accelerated longitudinal study which aims to investigate the factors contributing to individual differences in academic achievement and psychological wellbeing over the course of high school in Italy. All students from three opportunistically-selected
high schools in the Province of Milan were invited, and 1020 participated in the first wave of
data collection in March 2016. After data cleaning and screening, 927 students (437 male, 490
female) contributed data to the present investigation. The age of the students ranged from 13
to 21 years (M = 15.87, SD = 1.49).

Procedure
All students had been previously informed about the aims and procedures through conferences held in the schools by the MILES team. The data were collected online via the MILES
website (www.projectmiles.com/test), using the forepsyte.com online platform (www.
forepsyte.com). The first wave of data collection lasted around 90 minutes and included cognitive tests and self-report measures.
MILES received ethical approval from Goldsmiths University of London. The parents’ and
teachers’ committees of every school approved the MILES project and data collection protocol.
Approval was received prior data collection, and is renewed every year. Every student was presented with an online information sheet explaining the motivation of the research conducted
and completed an online consent form in Italian. Each student was informed that participation
was voluntary and that they could withdraw from the study at any time. Data will be made
available to researchers upon request and completion of the MILES research collaboration
form (http://www.projectmiles.com/research.html).

Measures
All measures were translated to and administered in Italian. All translated measures were
piloted on a sample of 70 students from five high schools in the Province of Milan prior to the
first wave of data collection. The factor structure, distribution of constructs, and the associations between constructs were comparable to those obtained with the validated measures
administered to English-speaking samples.
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Mathematics motivation (MM). Three aspects of MM were assessed. The 1st aspect was
attitude towards mathematics (i.e., importance) which was measured using 1 item retrieved
from the PISA study (OECD Program for international student assessment, www.pisa.oecd.
org). Students were asked to rate on a 4-point scale “how important do you think it is to do
well in mathematics” (1 = not at all; 4 = very much). For the ease of comparison with other
scales, Importance was rescaled to a 1–5 scale using min-max normalization. Results remained
the same regardless of the transformation.
The 2nd aspect of motivation was self-perceived ability in mathematics (i.e., self-perception). Students were asked to rate how good they thought they were at specific math activities
on a 5-point scale (1 = not good at all; 5 = very good) [21]. Specific abilities included solving
number and money problems, doing math in their head, and multiplying and dividing. Cronbach’s alpha for this scale was 0.77.
The 3rd aspect of motivation was enjoyment of mathematics (i.e., interest). Students were
asked to rate how much they enjoyed the above 3 activities on a 5-point scale (1 = not like it at
all; 5 = like it very much) [21]. Cronbach’s alpha for this scale was 0.79.
Mathematics anxiety (MA). MA was measured using The Abbreviated Math Anxiety
Scale (AMAS) [22]. Students were asked to rate on a 5-point scale how anxious/nervous they
felt in several math-related contexts and activities (1 = not all all; 5 = very much). Principal
component analysis with oblimin rotation showed a clear 2-component structure, with the
two components explaining 46% and 15% of the total variance, respectively. Five items loaded
on the 1st component which captured anxiety about learning new math materials or listening
to others’ explaining math (loadings ranged from 0.55 to 0.86). Three items loaded on the 2nd
component which captured anxiety about math exams (loadings ranged from 0.84 to 0.90).
One item had double loadings and was excluded from the analysis to avoid contamination
between components. We labeled the 2 components learning MA and exam MA. Both subscales were internally consistent with Cronbach’s alphas of 0.79 and 0.87, respectively. Higher
scores indicated higher MA.
Mathematics achievement. Students self-reported their grades in mathematics from the
semester that had ended in January, prior to the collection wave in February-March 2016.
Scores ranged from 4 (indicating a grade equivalent to 4 or less than 4) to 10 (indicating the
highest possible grade), with 6 indicating the pass mark.
Mathematics time. Students were asked to rate how much time they spent on “Out of
school time lessons in mathematics” and “Study for homework in mathematics myself” on a
5-point scale (1 = no time; 2 = less than 2 hours; 3 = 2 to 4 hours; 4 = 4 to 6 hours; 5 = 6 or
more hours; OECD Program for international student assessment, www.pisa.oecd.org). The
two items were modestly correlated (r = 0.32), and were averaged to obtain a single score representing time spent on mathematics after school. A higher score represents more time spent
on afterschool math learning and less avoidance.

Analytic strategies
All analyses were conducted in SPSS Version 24 [23] and Mplus Version 7.4 [24]. First,
descriptive and correlational analyses were conducted to understand the basic properties of
the variables. Next, latent profile analysis (LPA) was performed on the multidimensional
aspects of MM and MA: math importance, self-perceived ability in math, interests in math,
learning MA, and exam MA. The best model was selected using Bayesian Information Criterion (BIC) [25] as the primary criterion, and Lo-Mendell-Rubin adjusted likelihood ratio test
(LMRT) [26] as the supplementary criterion, in order to establish the number of classes and to
examine the distinct features of these classes. Next, we examined whether sex and grade level
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Table 1. Descriptive statistics of Main Study Variables.
N

Mean

Std. Dev

Skewness

Kurtosis

Median

Min

Max

Importance

927

3.74

1.12

-0.44

-0.70

3.67

1.00

5.00

Self-perception

927

3.53

0.80

-0.69

0.57

3.67

1.00

5.00

Interest

927

3.03

1.00

-0.26

-0.49

3.00

1.00

5.00

Learning MA

927

1.75

0.73

1.31

1.65

1.60

1.00

5.00

Exam MA

927

3.61

1.07

-0.58

-0.56

3.67

1.00

5.00

Achievement

927

6.53

1.40

0.01

-0.55

7.00

4.00

10.00

Time

927

2.25

0.69

1.12

1.89

2.00

1.00

5.00

Note. MA = math anxiety.
https://doi.org/10.1371/journal.pone.0192072.t001

predicted class memberships using the r3step command in Mplus. Subsequently, we examined
whether students in different classes also differed on math achievement and math time using
ANOVA.

Results
Descriptive and correlational analyses
Descriptive statistics are shown in Table 1. All variables were distributed widely across their
entire scales. The mean was lower for learning MA compared to exam MA, suggesting that
exam MA was more prevalent compared to learning MA.
Correlations are shown in Table 2. Female students reported higher MA and lower MM
compared to male students. Grade levels were weakly negatively associated with importance,
suggesting that students in higher grade levels tended to view math as less important. Exam
MA and learning MA were moderately positively correlated, and so were different aspects of
MM. Both exam MA and learning MA were modestly negatively correlated with various
aspects of MM. Math achievement was associated modestly negatively with MA and modestly
positively with MM. Math time was positively associated with exam MA, importance, and
interest. Finally, math time was modestly negatively associated with math achievement.

Latent profile analysis
Latent profile analysis was performed to explore profiles of MA and MM. Nine models from
2- to 10-Classes were run, and the best model was selected using BIC and LMRT. As shown in
Table 2. Correlations between Main Study Variables.
1
1. Sex
2. Grade

2

3

4

5

6

7

8

—
-0.01

—



-0.11

—

4. Self perception



-0.31

-0.07

0.39

—

5. Interest

-0.19

-0.05

0.44

0.67

—

6. Learning MA

0.19

0.05

-0.29

-0.41

-0.33

—

7. Exam MA

0.26

-0.05

-0.20

-0.37

-0.33

0.47

—

8. Achievement

0.06

0.04

0.25

0.29

0.22

-0.21

-0.27

—

9. Time

0.07

0.02

0.12

0.03

0.11

0.08

0.22

-0.11

3. Importance

-0.14

Note. MA = math anxiety. Pre-specified Type I error rate is 0.05

indicates statistical significance after Holm-Bonferroni correction.
https://doi.org/10.1371/journal.pone.0192072.t002
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Table 3. Model fit indices for the 2- to 10- class models.
Log Likelihood

Free parameters

BIC

LMRT

2 Classes

Model

-5817.09

16

11743.49

832.95

3 Classes

-5671.79

22

11493.89

283.67

4 Classes

-5603.56

28

11398.42

133.21
154.16

5 Classes

-5524.60

34

11281.49

6 Classes

-5478.91

40

11231.10

89.21

7 Classes

-5439.93

46

11194.13

76.11

8 Classes

-5408.27

52

11171.79

61.82

9 Classes

-5382.80

58

11161.85

49.72

10 Classes

-5358.23

64

11153.70

47.97

Note. BIC = Bayesian Information Criterion. LMRT = Lo-Mendell-Rubin adjusted likelihood ratio test.

indicates statistical significance under the pre-specified Type I error rate of 0.05.
https://doi.org/10.1371/journal.pone.0192072.t003

Table 3, BIC decreased as the number of classes increased, but the decrease became minimal
beginning from the 7 class to the 8 class model. According to LMRT, the 8 class model was better than the 7 class model whereas the 9 class model was not better than the 8 class model.
Therefore, the 8 class model was selected as the best model.
Fig 1 and Table 4 depict the characteristics of each of the 8 classes. Due to the large number
of classes, here we first describe the rules we used to order and label the 8 classes: As shown in
Fig 1, when considering MM levels, the 8 classes clustered into 3 groups: the first group
included 2 classes that showed high MM, the second group included 3 classes showing

Fig 1. Latent profile analysis: Results from 8-class model. Means in different ellipses are significantly different from one another at the pre-specified Type I error rate
of 0.05 after Bonferroni correction.
https://doi.org/10.1371/journal.pone.0192072.g001
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medium MM, and the third group included another 3 classes showing low MM. This was
observed across all 3 dimensions of MM (importance, self-perception, and interest). Therefore,
we first ordered the classes according to levels of MM, and labeled the 1st, 2nd, and 3rd groups
respectively ‘high MM’ (classes 1–2), ‘medium MM’ (classes 3–5), and ‘low MM’ (classes 6–8)
groups. Within each MM group, classes further differed on levels of exam MA and learning
MA. Therefore, within each MM group, we further ordered the classes according to their levels
of MA such that the class showing comparatively lower MA came earlier in the sequence. For
example, within high MM group, one class exhibited low learning MA and low exam MA, and
the other class exhibited low learning MA and high exam MA. The two classes were respectively labeled class 1 and class 2, with class 1 exhibiting lower MA compared to class 2. In the
following section, in order to abbreviate the long label for each class, we use H, M, and L to
represent high, medium and low levels, and use MM, EMA, and LMA to represent math motivation, exam math anxiety, and learning math anxiety.
High MM classes. Class 1 (H MM, L LMA, L EMA): Approximately 13% of the sample
belonged to Class 1 (n = 117). This class reported the highest MM and lowest learning MA and
exam MA among all 8 classes.
Class 2 (H MM, L LMA, H EMA): 19% of the sample were in Class 2 (n = 178). Students in
this class reported very high MM, very low learning MA, but high exam MA.
The similarity between Class 1 and Class 2 was that they both showed high MM. The two
classes were different on how anxious they felt about math. Specifically, students in Class 2,
but not in Class 1, reported high anxiety about math exams.
Medium MM classes. Class 3 (M MM, L LMA, L EMA): 13% of the sample were categorized in Class 3 (n = 122). This class reported medium levels of MM, and low levels of both
learning MA and exam MA. This class was similar to Class 1 in that both classes reported relatively low MA compared to all other classes. This class differed from Class 1 such that they
reported lower MM compared to Class 1.

Table 4. Latent profile analysis: Estimated means and 95% confidence intervals for each class.
Importance

Self-Perception

Interest

Learning MA

Exam MA

Class 1 (n = 117)
H MM, L LMA, L EMA

4.58 (4.33, 4.82) a

4.32 (4.12, 4.53) a

4.11 (3.84, 4.39) a

1.25 (1.15, 1.35) a

2.05 (1.68, 2.42) a

Class 2 (n = 178)
H MM, L LMA, H EMA

4.47 (4.25, 4.69) a

4.10 (3.93, 4.26) a

3.88 (3.59, 4.18) a

1.44 (1.31, 1.57) a,b

3.84 (3.51, 4.17) b

Class 3 (n = 122)
M MM, L LMA, L EMA

3.67 (3.17, 4.16) b

3.62 (3.37, 3.88) b

2.88 (2.46, 3.29) b

1.27 (1.11, 1.43) a

2.48 (2.04, 2.91) a

Class 4 (n = 238)
M MM, L LMA, H EMA

3.53 (3.17, 3.88) b

3.45 (3.15, 3.74) b

2.82 (2.42, 3.21) b

1.57 (1.43,1.72) b

3.93 (3.59, 4.28) b

Class 5 (n = 122)
M MM, M LMA, H EMA

3.54 (3.21, 3.88) b

3.42 (3.15, 3.70) b

3.16 (2.75, 3.56) b

2.62 (2.41, 2.83) c

4.36 (4.13, 4.59) b,c

Class 6 (n = 48)
L MM, L LMA, H EMA

3.01 (2.16, 3.86) b

2.53 (1.99, 3.06) c

1.52 (0.90, 2.14) c

1.42 (1.10, 1.73) a,b

4.08 (3.53, 4.63) b,c

Class 7 (n = 68)
L MM, M LMA, H EMA

2.66 (1.91, 3.40) b

2.32 (1.76, 2.87) c

1.58 (1.11, 2.05) c

2.56 (2.27, 2.84) c

4.45 (4.12, 4.78) b,c

Class 8 (n = 34)
L MM, H LMA, H EMA

2.95 (2.22, 3.68) b

2.51 (1.89, 3.12) c

1.66 (1.25, 2.06) c

3.89 (3.57, 4.22) d

4.58 (4.29, 4.87) c

Note. H = high; M = medium; L = low; MM = math motivation; LMA = learning math anxiety; EMA = exam math anxiety. For each dimension, classes are not
significantly different from each other if their labels contain the same letters; classes are significantly different from each other if their labels do not contain the same
letters. 95% confidence intervals are calculated based on Bonferroni correction.
https://doi.org/10.1371/journal.pone.0192072.t004
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Table 5. Summarization of key characteristics of each class.
Low EMA

High EMA

Low LMA

Medium LMA

High LMA

Low LMA

Medium LMA

High LMA

High MM

Class 1

—

—

Class 2

—

—

Medium MM

Class 3

—

—

Class 4

Class 5

—

—

—

—

Class 6

Class 7

Class 8

Low MM

Note. MM = math motivation; LMA = learning math anxiety; EMA = exam math anxiety.
https://doi.org/10.1371/journal.pone.0192072.t005

Class 4 (M MM, L LMA, H EMA): about 26% of the students belonged to Class 4 (n = 238),
making this the largest class. Students in this class had medium levels of MM, low learning
MA, and high exam MA. Similar to Class 2, students in Class 4 were also anxious mostly about
math exams but not math learning. However, students in Class 4 reported lower MM compared to those in Class 2, which crucially differentiated the two classes.
Class 5 (M MM, M LMA, H EMA): about 13% of the students were classified into this class (n =
122). This class was characterized by medium MM, medium learning MA, and high exam MA.
These three classes were similar in that they all exhibited medium levels of MM. Yet, the
three classes critically differed on levels of exam MA and learning MA, with Class 3 being low
on both learning MA and exam MA, Class 4 being low on learning MA but high on exam MA,
and Class 5 being medium on learning MA and high on exam MA.
Low MM classes. Class 6 (L MM, L LMA, H EMA): 5% of the sample belonged to Class 6
(n = 48). Students in this class reported low MM, low learning MA, and high exam MA. The
MA levels in this class resembled those observed in Class 2 and Class 4. What separated Class 6
from Classes 2 and 4 was its lower MM compared to the other two classes.
Class 7 (L MM, M LMA, H EMA): about 7% of all students were in Class 7 (n = 68). This
class was characterized by low MM, medium learning MA, and high exam MA. This class was
similar to Class 5 such that both classes reported high exam MA and medium learning MA.
However, students in Class 7 had lower MM compared with students in Class 5.
Class 8 (L MM, H LMA, H EMA): approximately 4% of the sample were classified to the
last class (n = 34), making this the smallest class. This class showed very low MM and very
high levels of both learning MA and exam MA.
Class 6, Class 7, and Class 8 were similar in that all three classes exhibited low levels of MM
and high levels of exam MA. Yet, the three classes differed on their levels of learning MA, with
Class 6 being low on learning MA, Class 7 being medium, and Class 8 being high.
Table 5 summarizes the key characteristics of each class. Several interesting patterns emerged
from observing the 8 classes: 1) high exam MA appeared in combination with every MM level; 2)
medium learning MA appeared in combination with only medium to low MM, but not high MM;
3) high learning MA appeared in combination with only low MM, but not medium to high MM.
Grade level and sex were examined as predictors of class memberships. Results are shown
in Table 6. All effects were obtained after controlling for school differences. Overall, grade
level was not a significant predictor of class membership. Sex significantly predicted class
memberships, such that female students were more likely to belong to classes characterized by
a combination of lower MM and higher MA compared to male students.

Relations between class memberships and math achievement/time
We examined whether class memberships were associated with math achievement and math
time using ANOVA. Dummy variables representing schools were entered in the models as
covariates to control for school differences.
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Table 6. Predictors of class membership.

Predictor

Class 1

Class 2

Class 3

Class 4

Class 5

Class 6

Class 7

H MM

H MM

M MM

M MM

M MM

L MM

L MM

Class 8
L MM

Reference

L LMA

L LMA

L LMA

L LMA

M LMA

L LMA

M LMA

H LMA

Class

L EMA

H EMA

L EMA

H EMA

H EMA

H EMA

H EMA

H EMA

Class1
Grade level

—

-0.05 (0.12)

-0.10 (0.14)

-0.02 (0.11)

-0.15 (0.13)

-0.25 (0.17)

0.18 (0.14)

0.14 (0.16)

Sex

—

-0.02 (0.35)

-0.26 (0.42)

0.64 (0.30)

0.82 (0.34)

1.82 (0.56)

2.05 (0.52)

1.62 (0.52)

Class 2
Grade level

—

—

-0.05 (0.13)

0.03 (0.11)

-0.10 (0.12)

-0.20 (0.16)

0.22 (0.13)

0.18 (0.15)

Sex

—

—

-0.25 (0.38)

0.66 (0.31)

0.83 (0.32)

1.84 (0.53)

2.07 (0.50)

1.64 (0.51)

—

—

—

0.08 (0.14)

-0.05 (0.14)

-0.15 (0.18)

0.28 (0.15)

0.23 (0.17)

0.90 (0.38)

1.08 (0.37)



2.09 (0.57)



1.88 (0.54)

Class 3
Grade level
Sex

—

—

—

2.31 (0.54)

Class 4
Grade level

—

—

—

—

-0.13 (0.12)

-0.23 (0.17)

0.21 (0.13)

0.15 (0.15)

Sex

—

—

—

—

0.18 (0.32)

1.18 (0.56)

1.41 (0.49)

0.98 (0.50)

Class 5
Grade level

—

—

—

—

—

-0.10 (0.17)

0.32 (0.15)

0.28 (0.16)

Sex

—

—

—

—

—

1.01 (0.54)

1.23 (0.54)

0.81 (0.52)

Class 6
Grade level

—

—

—

—

—

—

0.42 (0.19)

0.38 (0.20)

Sex

—

—

—

—

—

—

0.23 (0.71)

-0.20 (0.67)

Grade level

—

—

—

—

—

—

—

-0.04 (0.18)

Sex

—

—

—

—

—

—

—

-0.43 (0.67)

Class 7

Note. Numbers not in parentheses are parameter estimates, and numbers in parentheses are standard errors. H = high; M = medium; L = low; MM = math motivation;
LMA = learning math anxiety; EMA = exam math anxiety. Pre-specified Type I error rate is 0.05
indicates statistical significance after Holm-Bonferroni correction.



https://doi.org/10.1371/journal.pone.0192072.t006

Association between class memberships and math achievement. Class membership
was significantly associated with math achievement, F (7, 917) = 20.00, p = 0.000, η2 = 0.12.
Results from post-hoc contrasts are shown in the left panel in Fig 2. Class 1 performed significantly better compared to all the seven remaining classes. Class 2 and Class 3 showed similar
performance that was better than that shown by Classes 4 through 8, but worse than Class 1.
Finally, no significant differences in math achievement were found among Class 4 through
Class 8.
Association between class memberships and math time. Class membership was also significantly associated with math time, F (7, 917) = 6.27, p = 0.000, η2 = 0.04. Results from posthoc contrasts are shown in the right panel in Fig 2. Class 2, 5, and 8 spent the most time
whereas Class 1 and 3 spent the least time studying math after school. It is worth noting that
Class 2, Class 5, and Class 8 were the classes with the highest overall MA within each MM
group, and they were also the classes that reported spending the most time on after-school
math learning. To the contrary, Class 1 and Class 3 were the classes with the lowest overall MA
within each MM group, and they were also the classes that reported spending the least amount
of time on after-school math learning.

PLOS ONE | https://doi.org/10.1371/journal.pone.0192072 February 14, 2018

9 / 16

A latent profile analysis on MA and MM

Fig 2. Relations between class memberships and math achievement/math time. L = low, M = medium, H = high, MM = math motivation, EMA = exam math
anxiety, LMA = learning math anxiety. Classes are not significantly different from each other if their labels contain the same letters; classes are significantly different
from each other if their labels do not contain the same letters. Statistical significance is calculated under the pre-specified Type I error rate of 0.05 after Holm-Bonferroni
correction.
https://doi.org/10.1371/journal.pone.0192072.g002

An exploration of the developmental pattern
Finally, given that the current sample contains students from different grades (year 1 through
year 5 of high school), we also explored whether the differences among classes in math
achievement and math time varied across grade levels. Table 7 presents the sample size for
each class by grade level combination. Given that the present design was cross-sectional, this
set of analyses were limited to description and pattern visualization. Fig 3 presents the mean of
math achievement (left panel) and math time (right panel) in each class by grade level.
Differences in math achievement among classes. Comparing classes within each MM
group allowed us to examine differences in achievement associated with differences in MA. In
high and medium MM groups, classes with lower EMA generally appeared to have better performance (i.e., comparing Class 1 against Class 2, and comparing Class 3 against Class 4 and
Class 5). There seemed to be little differences in achievement associated with differences in
learning MA. Additionally, the differences between Class 1 and Class 2 seemed larger in higher
grades, whereas the differences between Class 3 and Class 4/Class 5 seemed smaller in higher
grades, suggesting that the negative association between EMA and math achievement may be
stronger in highly motivated students. The association pattern between MA and achievement
was less clear in the low MM group, potentially due to the small sample sizes in these classes.
Differences in math time among classes. Similar to the grade-aggregated pattern, Class 1
and Class 3, the two classes with the lowest overall MA within their respective MM groups,
consistently reported relatively low amount of time spent on learning math after school. To
Table 7. Sample size for class membership by grade level.
Class 1

Class 2

Class 3

Class 4

Class 5

Class 6

Class 7

Class 8

Total

Grade = 1

33

46

30

70

39

14

15

7

254

Grade = 2

24

50

37

58

34

18

15

9

245

Grade = 3

32

44

27

48

22

7

14

4

197

Grade = 4/5

29

38

27

62

27

8

24

14

229

Total

117

178

121

238

122

47

68

34

925

Note. Grade level information was missing for 2 individuals.
https://doi.org/10.1371/journal.pone.0192072.t007
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Fig 3. Relations between class memberships and math achievement/math time by grade level. C = class; L = low, M = medium, H = high, MM = math motivation,
EMA = exam math anxiety, LMA = learning math anxiety.
https://doi.org/10.1371/journal.pone.0192072.g003

the contrary, Class 2 and Class 5, the two classes with the highest overall MA within their
respective MM groups, consistently spent relatively more time on learning math after school
compared to all other classes. These together suggest that it is the combination of high MM
and high MA that drives students to work more on math after class.

Discussion
The diverse range of emotions and motivations developed during the math learning process
has profound implications in mathematics education, as these influence not only the mobilization of cognitive resources during a math test, but also long-term learning behaviors [6, 27–
28]. The goal of the current study was to explore differential profiles of the multi-dimensional
emotion and motivation factors, and ultimately to investigate how these factors interacted and
related to math learning practices and achievement.

Are highly math anxious students always unmotivated in math?
Using latent profile analysis, we discovered 8 distinct classes capturing various combinations
of MA and MM. We further grouped these 8 classes into high, medium, and low MM groups
to facilitate the understanding of each class characteristics and comparisons across classes.
Contrary to the current understanding in the extant literature that math anxious students
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generally have low motivation [6, 27], our analyses suggest that some math anxious students
are highly motivated. In particular, students in Class 2 are highly motivated, and they also
reported high exam MA. Class 4 and 5 reported average to above average MM despite their
high levels of exam MA. Therefore, high exam MA seems to be present in students with all levels of motivation.
With respect to learning MA, medium learning MA was observed only in medium and low,
but not high, MM groups, and high learning MA was observed only in low MM but not
medium or high MM groups, suggesting that higher learning MA was generally associated
with lower MM. In summary, highly motivated students are still likely to experience exam
MA, but they are less likely to experience learning MA. It is not surprising that students who
feel unease in math classes do not enjoy their experience, and this is consistent with the observation that high learning MA was observed only in concomitance with low MM. However,
anxiety about an upcoming math exam may reflect students’ lack of confidence in their math
abilities, or it may reflect their desire for better achievement, and this is consistent with the
observation that high exam MA was observed at all levels of MM. These findings point to the
heterogeneous nature of the relations between different aspects of MA and MM [8].
Class memberships differed between genders, such that females were more likely to belong
to classes characterized by a combination of lower MM and higher MA compared to males.
This is consistent with existing literature on sex differences in math-specific emotions and
motivation [6, 29–30].

How do the dimensions of MM and MA relate to math achievement?
In general, Class 1 reported the highest achievement, followed by Classes 2 and 3. The remaining five classes reported similar achievement, which was lower than that of the first three classes. The general pattern suggests that a combination of higher MM and lower MA is associated
with higher achievement, a finding consistent with studies that examined the effects of MA
and MM separately [4, 17, 19]. However, this finding seems to be inconsistent with a previous
study showing that students with a combination of high MM and medium MA had the highest
math achievement [5]. This difference in finding could be attributable to several factors. First,
the sample characteristics between the two studies are different: the current study used a sample of high school students from Italy whereas the previous study used samples of American
middle school and college students. Second, whereas the previous study focused on the interaction between global MA and global MM, the present study focused on examining specific
dimensions of MA and MM. Third, the two studies differ critically on how motivation was
measured. The present study focused on aspects of motivation that were widely studied in the
literature, including perceived importance of math, self-perceived ability in math, and interest
in math. In the previous study, motivation was measured more broadly, encompassing dimensions such as focused attention. Lastly, different measures were used to assess math performance. The previous study relied on lab tasks, whereas the present study used a high-stake
exam. It is possible that the relation between moderate levels of MA and math performance
further depends on the nature of the math task (i.e., whether the task is high-stake or not) [27].
Future studies should explore which of the above differences contributed to the discrepancy in
findings between these two studies.
When the classes were further broken down into different grade levels, specific interaction
patterns emerged. Specifically, when comparing classes within each of the high and medium
MM groups, (i.e., Class 1 vs. 2, and Class 3 vs. 4), the classes with higher exam MA had poorer
math achievement. Additionally, the differences between Classes 1 and 2 appeared larger
whereas the differences between Classes 3 and 4 appeared smaller in higher grade levels. This
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indicates that high exam MA is negatively associated with math performance more strongly in
individuals with higher MM, and such effects seem to be stronger in higher grade levels. This
result echoes a recent study on math learning, which found that higher stress during learning
predicts more forgetting of course content and avoidant thinking about the course only in students with strong math self-concept (i.e., students who believe that they are good at math and
that it is important for them to be good at math), but not in those with weak math self-concept
[31]. Both sets of results provide support for the identity threat account which argues that
domain-specific stress and anxiety impact more heavily on individuals who are motivated in
and identify themselves with that particular domain.
Within the low MM group, there seems to be no clear association between exam MA and
math achievement. It is possible that low exam MA does not contribute above and beyond the
negative association between low MM and poor math achievement. It is also possible that we
failed to observe any systematic pattern due to the small sample sizes in the low MM group.
Finally, there seemed to be little differences in math achievement associated with differences
in learning MA.

How do the dimensions of MM and MA relate to math avoidance?
Contrary to the current belief that highly anxious students are avoidant of math [6, 27], our
findings showed that within each MM group, the more anxious students were generally more
engaged across all grade levels. When combined with high motivation, worries about math
result in more efforts and investment in math learning rather than more avoidance. The discrepancy between the present finding and previous literature may be attributable to the difference in the operationalization of math avoidance. Most studies to date focused on avoidance
behaviors in distal situations where students have more freedom to choose among alternatives
[27], such as whether or not to select an elective math course or to take a math-related career
in the future. In the present study, we examined how much time high school students spent on
learning math after school by taking out-of-school math lessons and studying for math as part
of their homework on their own. These activities represent math avoidance behaviors in imminent learning situations in high school when immediate negative consequences ensue from
poor performance on required math courses (e.g., low GPA negatively influence college
application).
Previous literature on threat response suggests that threat can induce both approach-oriented and withdrawal-oriented responses depending on the characteristics of the threatening
situation. An escapable threat of greater distance more likely elicits withdrawal/avoidance
behaviors, whereas an inescapable threat in close distance more likely elicits approach-oriented
responses [32]. Thus, it is possible that high MA students rely on different strategies to deal
with their negative emotions in different learning situations: they invest more effort in math
learning to avoid the immediate negative consequences associated with poor math performance, but they choose to disengage from math learning when it yields no immediate negative
outcome.
It is worth noting that within each MM group, although classes with higher MA reported
more learning efforts, they generally had lower achievement compared to classes with lower
MA. In other words, within each MM level, high MA students worked longer hours but performed worse in math. Two possible mechanisms may explain this counterintuitive finding.
Previous studies have shown that MA hinders math performance through compromising
working memory efficiency [16], a cognitive ability that plays an important role in both math
performance and math learning [33–34]. For students who reported MA on exam but not
learning (e.g., Class 2), MA may interfere only with performance on high stake math exams
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[27] but not knowledge acquisition in math lessons. Therefore, high stake exam performance
may not reflect students’ true math abilities in those with high exam MA [27]. Because students with high exam MA consistently expend extra effort in learning math, it is possible that
they master more knowledge than what is reflected through their exam performance, but such
knowledge can only be induced through alternative low-stress assessments such as untimed
testing. However, the mechanism may be different for students who suffer learning MA. For
these students, impairments in math cognition may be more profound as MA may also hinder
the knowledge acquisition process in daily math lessons. As such, these students may need to
study for longer hours than their peers to complete the same amount of work because of their
poorer math abilities.
The present study has some limitations. First, all main constructs were self-reports. As a
result, relations among variables may have been inflated due to method artifact. A multi-informant multi-method design is needed to test the replicability and generalizability of the current
results. Second, two of the scales (importance and math time) had too few items to assess their
internal reliability. However, their correlations with other variables were consistent with the
existing literature, providing evidence supporting their predictive validity. Finally, because of
the cross-sectional design, we were not able to statistically examine how the differences among
the eight classes changed over time. Future longitudinal data from the MILES project will
allow us to better understand the developmental trajectories of these diverse profiles.
In summary, the present study explored profiles of math-specific emotions and motivations
in adolescence. Our findings revealed that the relation between MA and MM and their combined roles in math achievement and math avoidance are complex. These diverse profiles call
for customized interventions to address the heterogeneous mechanisms underlying low math
achievement. For some students, it may be sufficient to address how anxiety affects online cognitive processing during high-stake math exams to ensure that the educational assessment
reflects their true abilities. For other students, it is more pressing to address how anxiety interferes with attention and memory processes that are needed for optimal learning in daily math
lessons. Finally, for the least motivated students, building the internal drive for mathematics
may be a priority.

Acknowledgments
We gratefully acknowledge all the students and teachers of the Istituto Tecnico S. Cannizzaro,
Istituto Tecnico E. Matteri, Liceo C. Rebora and Liceo Scientifico E. Majorana in the city of
Rho (Milan). We are particularly grateful to Elena Barducci, Rita Loffredo, Nadia Boldrin, and
Cosimo Morrone for their continuous support with the MILES project. We also would like to
thank the Office of the Vice President for Research at Texas Tech University for providing
Open Access Publication Funding to support this work.

Author Contributions
Conceptualization: Zhe Wang, Margherita Malanchini.
Data curation: Nicholas Shakeshaft, Kerry Schofield, Margherita Malanchini.
Formal analysis: Zhe Wang.
Funding acquisition: Zhe Wang, Margherita Malanchini.
Investigation: Nicholas Shakeshaft, Kerry Schofield, Margherita Malanchini.
Methodology: Zhe Wang, Nicholas Shakeshaft, Kerry Schofield, Margherita Malanchini.
Project administration: Nicholas Shakeshaft, Kerry Schofield, Margherita Malanchini.

PLOS ONE | https://doi.org/10.1371/journal.pone.0192072 February 14, 2018

14 / 16

A latent profile analysis on MA and MM

Resources: Zhe Wang, Nicholas Shakeshaft, Kerry Schofield, Margherita Malanchini.
Software: Zhe Wang, Margherita Malanchini.
Supervision: Margherita Malanchini.
Validation: Zhe Wang, Nicholas Shakeshaft, Kerry Schofield, Margherita Malanchini.
Visualization: Zhe Wang.
Writing – original draft: Zhe Wang, Margherita Malanchini.
Writing – review & editing: Zhe Wang, Nicholas Shakeshaft, Kerry Schofield, Margherita
Malanchini.

References
1.

Suinn RM, Winston EH. The Mathematics Anxiety Rating Scale, a brief version: Psychometric data.
Psychol Rep. 2003; 92: 167–173. https://doi.org/10.2466/pr0.2003.92.1.167 PMID: 12674278

2.

Wigfield A, Eccles JS. Expectancy-Value theory of achievement motivation. Contemp Educ Psychol.
2000; 25(1): 68–81. https://doi.org/10.1006/ceps.1999.1015 PMID: 10620382

3.

Chiu LH, Henry LL. Development and validation of the Mathematics Anxiety Scale for Children. Meas
Eval Couns Dev. 1990; 23(3): 121–127.

4.

Meece JL, Wigfield A, Eccles JS. Predictors of math anxiety and its influence on young adolescents’
course enrollment intentions and performance in mathematics. J Educ Psychol. 1990; 82(1): 60–70.

5.

Wang Z, Lukowski SL, Hart SA, Lyons IM, Thompson LA, Kovas Y, et al. Is math anxiety always bad for
math learning? The role of math motivation. Psychol Sci. 2015; 26(12): 1863–1876. https://doi.org/10.
1177/0956797615602471 PMID: 26518438

6.

Hembree R. The nature, effects, and relief of mathematics anxiety. J Res Math Educ. 1990; 21(1): 33–
46.

7.

Lyons I, Beilock S. Mathematics anxiety: Separating the math from the anxiety. Cereb Cortex. 2012;
22: 2102–2110. https://doi.org/10.1093/cercor/bhr289 PMID: 22016480

8.

Wigfield A, Meece JL. Math anxiety in elementary and secondary school students. J Educ Psychol.
1988; 80: 210–216.

9.

Bai H, Wang L, Pan W, Frey M. Measuring mathematics anxiety: Psychometric analysis of a bidimensional affective scale. J Instruct Psychol. 2009; 36: 185–193.

10.

Krinzinger H, Kaufmann L, Willmes K. Math anxiety and math ability in early primary school years. J
Psychoeduc Assess. 2009; 27: 206–225. https://doi.org/10.1177/0734282908330583 PMID:
20401159

11.

Hopko DR. Confirmatory factor analysis of the math anxiety rating scale–revised. Educ Psychol Meas.
2003; 63: 336–351.

12.

Lukowski SL, Ditrapani JB, Jeon M, Wang Z, Schenker VJ, Doran MM, et al. Multidimensionality in the
measurement of mathematical anxiety and its relationship with mathematical skills. Learn Individ Differ.
2016; Forthcoming.

13.

Suinn RM, Taylor S, Edwards RW. Suinn Mathematics Anxiety Rating Scale for Elementary School Students (MARS-E): Psychometric and normative data. Educ Psychol Meas. 1988; 48(4): 979–986.

14.

Gierl MJ, Bisanz J. Anxieties and attitudes related to mathematics in grades 3 and 6. J Exp Educ. 1995;
63(2): 139–158.

15.

Bessant KC. Factors associated with types of mathematics anxiety in college students. J Res Math
Educ. 1995; 26(4): 327–345.

16.

Ashcraft MH, Krause JA. Working memory, math performance, and math anxiety. Psychon Bull Rev.
2007; 14(2): 243–248. PMID: 17694908

17.

Luo YL, Kovas Y, Haworth CM, Plomin R. The etiology of mathematical self-evaluation and mathematics achievement: Understanding the relationship using a cross-lagged twin study from ages 9 to 12.
Learn Individ Differ. 2011; 21(6): 710–718. https://doi.org/10.1016/j.lindif.2011.09.001 PMID:
22102781

18.

Middleton JA, Spanias PA. Motivation for achievement in mathematics: Findings, generalization, and
criticisms of the research. J Res Math Educ. 1999; 30(1): 65–68.

PLOS ONE | https://doi.org/10.1371/journal.pone.0192072 February 14, 2018

15 / 16

A latent profile analysis on MA and MM

19.

Ramirez G, Gunderson EA, Levine SC, Beilock SL. Math anxiety, working memory, and math achievement in early elementary school. J Cogn Dev. 2013; 14(2): 187–202.

20.

Simpkins SD, Davis-Kean PE, Eccles JS. Math and science motivation: A longitudinal examination of
the links between choices and beliefs. Dev Psychol. 2006; 42(1): 70–83. https://doi.org/10.1037/00121649.42.1.70 PMID: 16420119

21.

Spinath B, Spinath FM, Harlaar N, Plomin R. Predicting school achievement from general cognitive ability, self-perceived ability, and intrinsic value. Intelligence. 2006; 34(4): 363–374.

22.

Hopko DR, Mahadevan R, Bare RL, Hunt MK. The abbreviated math anxiety scale (AMAS): Construction, validity, and reliability. Assessment. 2003; 10 (2): 178–182. https://doi.org/10.1177/
1073191103010002008 PMID: 12801189

23.

IBM Corp. IBM SPSS Statistics for Windows, Version 24.0. New York: IBM Corp. Released 2016.

24.

Muthén LK, Muthén BO. Mplus user’s guide ( 7th edition). Los Angeles: Muthén & Muthén; 1998–2015.

25.

Schwarz G. Estimating the dimension of a model. Ann Stat. 1978; 6(2): 461–464.

26.

Lo Y, Mendell N, Rubin D. Testing the number of components in a normal mixture. Biometrika. 2001;
88: 767–778.

27.

Ashcraft MH, Moore AM. Mathematics anxiety and the affective drop in performance. J Psychoeduc
Assess. 2009; 27(3): 197–205.

28.

Maloney EA, Schaeffer MW, Beilock SL. Mathematics anxiety and stereotype threat: Shared mechanisms, negative consequences and promising interventions. Res Math Educ. 2013; 15(2): 115–128.

29.

Devine A, Fawcett K, Szucs D, Dowker A. Gender differences in mathematics anxiety and the relation
to mathematics performance while controlling for test anxiety. Behav Brain Funct. 2012; 8(1): 33.

30.

Preckel F, Goetz T, Pekrun R, Klein M. Gender differences in gifted and average ability students: Comparing girls’ and boys’ achievement, self-concept, interest, and motivation in mathematics. Gift Child Q.
2008; 52(2): 146–159.

31.

Ramirez G, McDonough IM, Jin L. Classroom stress promotes motivated forgetting of mathematics
knowledge. J Educ Psychol. 2017; 109(6): 812–825.

32.

Blanchard DC, Hynd AL, Minke KA, Minemoto T, Blanchard RJ. Human defensive behaviors to threat
scenarios show parallels to fear- and anxiety-related defense patterns of non-human mammals. Neurosci Biobehav Rev. 2001; 25: 761–770. PMID: 11801300

33.

Alloway TP. How does working memory work in the classroom? Educ Res Rev. 2006; 1(4): 134–139.

34.

Raghubar KP, Barnes MA, Hecht SA. Working memory and mathematics: A review of developmental,
individual differences, and cognitive approaches. Learn Individ Differ. 2010; 20(2): 110–122.

PLOS ONE | https://doi.org/10.1371/journal.pone.0192072 February 14, 2018

16 / 16

