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Abstract

Math anxiety (MA) is an important affective factor that contributes to individuals’ math proficiency. While self-reports are commonly
used to measure MA, a number of limitations are inherently connected to this measuring method. Physiological responses are
considered a promising alternative approach, but research is scarce and the empirical evidence is scattered. Therefore, this paper
aimed to (1) investigate whether different types of tasks (i.e., difficulty and topic) result in differences regarding self-reported anxiety
and physiological measures, and (2) analyse whether physiological measures can account for differences in self-reported MA. We
manipulated the difficulty level of a math and non-math task, so this study had a two-by-two experimental within-subject design. The
participants were 44 undergraduate students. In terms of the first research aim, results revealed that the difficult math task elicited
more self-reported anxiety compared to the easy math task and the difficult non-math task. However, these differences are barely
detected by physiological measures. Regarding the second research aim, results showed that phasic galvanic skin responses and heart
coherence ratio significantly predicted the self-reported MA. Our findings point to a possible contribution of using physiological

measures to understand the construct of MA, meanwhile warning for a too optimistic use of this measurement method.
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Theoretical Framework

Feelings of math anxiety (MA) can have long-lasting effects on individuals' personal lives and can hamper the develop-
ment of mathematical proficiency (Dowker et al., 2016). Accurately measuring MA is crucial for educational research to
examine this phenomenon in depth. Research on MA claims a distinction between trait-MA and state-MA (Conlon et
al., 2021; Orbach et al., 2019; Strohmaier et al., 2020). Whereas trait-MA refers to a person’s tendency of being anxious
when confronted with mathematics, state-MA is considered as a fluctuating feeling of anxiety in response to specific
mathematical situations (Dowker et al., 2016; Harley, 2016; Pekrun & Biihner, 2014). This is exemplified by research
observing that state-MA can be influenced by various task characteristics, such as the topic (Doz et al., 2023) or the
difficulty level (Artemenko et al., 2015; Trezise & Reeve, 2018) of a task. Self-report questionnaires are commonly used
to measure both trait- and state-MA (Cipora et al., 2019). However, in order to measure state-MA, studies have shown
that self-report measures are less suited, but that new approaches such as physiological responses could offer solace.
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Because, so far, very little research has been done on the use of physiological responses to measure MA (Horvers et al.,
2021), this study aims to explore the use of physiological measures as indicators for students’ feelings of state-MA. In
the current study, the task difficulty will be manipulated to investigate differences in state-MA for an easy compared
to a difficult task. This study represents an impetus in using physiological measures to acquire a more profound
understanding of the concept of MA.

Math Anxiety

Over the years, multiple definitions of MA have been formulated, highlighting different aspects of this concept. A highly
cited definition is the one by Richardson and Suinn (1972) who state that “math anxiety involves feelings of tension and
anxiety that interfere with the manipulation of numbers and the solving of mathematical problems in a wide variety
of ordinary life and academic situations” (p. 551). This definition emphasizes the domain-specificity of MA, pointing
out that MA appears to be specifically related to mathematical situations; whereas studies have shown a moderate
correlation between general anxiety and MA, these types of anxiety are considered to be distinct (Hill et al., 2016;
Mammarella et al., 2019). No uniform prevalence rates of MA are available, as these are highly dependent on the sample
and criteria used to define ‘highly math-anxious individuals’, but it is unmistakable that many people experience MA in
different cultures and across the world (Dowker et al., 2016).

Many studies have focused on the relationship between MA and math achievement, indicating significant negative
correlations between these constructs (e.g., Namkung et al., 2019). However, there is no consensus about the causality
(Carey et al., 2016). Presumably, there is a reciprocal, reflective relation between MA and math achievement, meaning
that poor math performance might generate feelings of MA, which in turn might lead to worse math performance
(Carey et al., 2016; Cargnelutti et al., 2017; Ramirez et al., 2018). Nevertheless, the relation between MA and math
achievement indicates the importance of this negative emotional reaction and its impact on mathematical proficiency.

As already mentioned, research on MA distinguishes between state-MA and trait-MA (Conlon et al., 2021; Orbach et
al., 2019; Strohmaier et al., 2020) and so far, research mainly focused on trait-MA (Dowker et al., 2016). Only in recent
years state-MA received increasing research attention, indicating that MA can vary depending on the difficulty (Trezise
& Reeve, 2018) and the topic of the task (Halme et al., 2022). This can be related to the notion of ‘the anxiety-complexity
effect’, which refers to the fact that increasing task demands can induce more feelings of MA (Artemenko et al., 2015;
Suarez-Pellicioni et al., 2013). Moreover, recent research suggests a relationship between MA and perceived difficulty of
task-specific elements, such that students who experience MA rate math-related tasks as more complex and demanding
(Doz et al., 2023).

Measuring Math Anxiety Through Self-Reports

A vast majority of studies have utilized self-reports to measure MA in adolescents and adults (Cipora et al., 2019;
Dowker et al., 2016). Much research has focused on developing valid and reliable self-report questionnaires to measure
MA (Dowker et al., 2016). The use of these self-report questionnaires fits into the predominant research focus on
trait-MA, in which MA is considered a stable trait of a person. Many valuable insights regarding MA are derived
from the use of these self-reports in studies that investigated the prevalence of MA, the development of MA, and the
relationship between MA and math achievement.

The practice of measuring MA is being questioned because of recent studies that have revealed a discrepancy
between trait-MA and state-MA (e.g., Orbach et al.,, 2019, 2020), since state-MA is a situation-specific anxiety reaction
which can fluctuate before, during, and after a particular math context (Cipora et al., 2019; Orbach et al., 2019). In
an attempt to measure state-MA through self-reporting, the Single-Item Math Anxiety questionnaire (SIMA; Ashcraft,
2002; Nuriez-Pefia & Suarez-Pellicioni, 2014) was developed to quickly determine how participants experience MA in a
specific math-related context by asking participants “On a scale from 1 to 10, how math anxious are you?”. While good
psychometric properties were found for the SIMA, some fundamental disadvantages can be noted from a methodological
perspective when self-reports are used to measure state-MA.

First, self-reports inherently require participants to reflect and evaluate their experiences retrospectively. Yet, it is
conceivable that these types of answers that depend on an individual’s trustworthiness and accuracy might lead to false
conclusions (Dowker et al., 2016). In addition, this requirement of being able to reflect retrospectively might be met

Journal of Numerical Cognition
2023, Vol. 9(3), 380-397
https://doi.org/10.5964/jnc.9735


https://www.psychopen.eu/

Measuring Math Anxiety 382

for adults and adolescents, because they can verbally express their mental affective state (Cipora et al., 2019; Pekrun
& Biithner, 2014). However, this is not viable for all target groups, since metacognitive skills might differ with age and
abilities, making these self-reports less feasible for young children or people with disabilities (Mammarella et al., 2019).
Second, self-reports are always in some way obtrusive for the learner and to the learning process (Pekrun & Biihner,
2014). Essentially, self-reports imply that the focus of the learner is shifted from the learning task to the self-report
measure which prevents continuous questioning of state-MA during the learning process (Harley, 2016). Therefore,
studies typically question state-MA at the end of a (set of) task(s) (e.g., Orbach et al., 2019; Strohmaier et al., 2020).
This might be problematic, as studies indicate significantly different state-MA ratings based on the timepoint at which
state-MA was measured (i.e., before, during, or after a math task) (Conlon et al., 2021).

Given those disadvantages, the use of objective measures, like for instance log traces that automatically track user
activity or record physiological reactions during learning, in addition to more subjective measurements (i.e., self-reports)
for capturing MA is recommended (Horvers et al., 2021; Noroozi et al., 2020). The use of multimodal measures can be
an attempt to overcome limitations of a single measurement method to obtain a more in-depth understanding of the
phenomenon of MA (Horvers et al., 2021).

Measuring Math Anxiety Through Physiological Data

Affective factors during learning are typically associated with physiological arousal (Braithwaite et al., 2015; Harley,
2016; Kreibig, 2010). Analysing these physiological reactions to measure MA can be considered as an attempt that meets
the limitations of self-reports because these responses can be mapped in a more continuous, unobtrusive, and objective
manner (Giannakakis et al., 2022; Roos et al., 2021).

Some researchers endeavoured to analyse physiological responses in mathematical situations, ranging from neuro-
imaging methods to signals associated with the activation of the autonomic nervous system (Dowker et al., 2016;
Suarez-Pellicioni et al., 2016). Recent research in the field of MA making use of neuro-imaging suggested that fear
and pain areas in the brain are activated when confronted with mathematics (i.e., the right basolateral amygdala regard-
ing the fear network and the bilateral dorso-posterior insula and mid-cingulate cortex regarding the pain network;
Artemenko et al., 2015; Suérez-Pellicioni et al., 2016). Although brain imaging addresses some of the limitations of
self-reports and can yield interesting results, this method is hard to adopt in research within an ecologically valid
classroom context. Another interesting approach to identify affective states are physiological responses that are driven
by the activation of the autonomic nervous system (Cipora et al., 2019; Dowker et al., 2016). Recent advances in
continuous and unobtrusive sensing can be promising in this regard. For instance, wrist-worn wearables are viable for
monitoring physiological responses in learning environments (Poh et al., 2010).

In particular, studies on anxiety and stress generally indicate increased galvanic skin response (GSR), increased
heart rate (HR), decreased heart rate variability (HRV), and decreased skin temperature (ST) (Kreibig, 2010; Smets et al.,
2018). GSR can be defined as the autonomic changes in the electrical properties of the skin (Braithwaite et al., 2015).
Typically, a tonic and phasic component are dissociated. The tonic component (i.e. skin conductance level; SCL) reflects
the gradually changing background activity, whereas the phasic component (i.e. skin conductance phasic; SCPh) exhibits
fast reactivity (Boucsein, 2012; Braithwaite et al., 2015). A considerable amount of literature has been published on the
relationship between responses of the autonomic nervous system and anxiety (Giannakakis et al., 2022; Horvers et al.,
2021; Kreibig, 2010; Mertens et al., 2017; Roos et al., 2021), although studies on MA-specific reactions are limited and
have yielded scattered results.

In general, studies on MA including physiological data can be divided according to their objective (Horvers et al.,
2021). First, some studies examine how physiological responses vary during the learning process or across different
tasks. These studies typically manipulate the difficulty level of mathematical tasks to investigate whether physiological
arousal increases as a function of problem difficulty. For instance, in the study of Singh and colleagues (2019), two
mental arithmetic tasks varying in difficulty level were created. The participants were undergraduate students aged
between 18 and 25 years. Results showed that the mean HR was significantly lower in the difficult task, which was
related to mental stress. Similarly, in the study of Hunt and colleagues (2017), where children aged between 9 and 11
years participated, the findings indicated a significant decrease in HR between a baseline and two-digit math problems.
However, the decrease in HR between baseline and more difficult three-digit math problems was not significant.
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The second category of studies investigates the relationship between physiological responses and self-report meas-
ures of MA. Among the earliest experimental designs was the one by Dew and colleagues (1984), who administered
three sets of mathematical problems to undergraduate students. Unfortunately, no information was provided on the
exact age of participants and the technology used to measure physiological responses. Two significant relationships
were found between trait-MA and physiological responses, notably a significant positive correlation with the tonic GSR
and a significant negative correlation with mean HR. The direction of the relationship of these results are in contrast
with the findings of Qu and colleagues (2020), who examined MA in slightly younger children compared to the study
of Dew and colleagues (1984), namely students between 15 and 17 years old. Qu and colleagues (2020) used a trait-MA
questionnaire on the one hand and on the other hand measured GSR and HR with wrist-worn wearables before and
during a math exam. They observed that the self-reported trait-MA, was negatively correlated with the tonic GSR in
the 5-min period before the exam specifically. Furthermore, the self-reported trait-MA was positively correlated with
the mean HR during the exam. Still, other studies failed to observe significant correlations between (mostly trait) MA
measured by self-reports and physiological responses (Hunt et al., 2017; Strohmaier et al., 2020). Different from the
previous studies investigating the association between trait-MA and physiological responses, Strohmaier and colleagues
(2020) were the first attempting to correlate physiological measurements measured with an Empatica E4 wristband with
self-reported state-MA of undergraduate students with a mean age of 23. However, again no significant correlations
were observed. Although these mixed findings might be a result of differences between studies in terms of the age of
participants, design of the tasks, and/or the technology through which the physiological responses are measured, we can
conclude that the picture of using physiological measures is extremely scattered at this moment.

Challenges in Research on the Association Between Self-Reported and Physiological Approaches to
Assess MA

To date, the relationship between self-reported MA and various physiological measures remains equivocal. Although
some studies have already explored the possibility to use physiological measures in relation to MA, this has led to
inconsistent results. Moreover, several research gaps can be identified concerning the design and the methodology of
previous studies.

The first limitation is associated with the experimental design of previous studies. Given the evidence that the
difficulty of a math task is related to MA (Artemenko et al., 2015; Trezise & Reeve, 2018), task difficulty was manipulated
in research designs based on the hypothesis that more difficult math tasks would evoke more physiological arousal
(Hunt et al., 2017). The studies by Singh and colleagues (2019) and Hunt and colleagues (2017) addressed this hypothesis
and offered two math tasks where the difficulty level differed according to the required calculations or the number of
digits, respectively. Although these studies manipulated the difficulty level of math tasks, these studies did not control
for perceived difficulty by the participants as crucial factor in the relationship with MA (Doz et al., 2023). Moreover,
such studies with two math tasks with different levels of difficulty or studies that compare an empty baseline condition
with a math task cannot ascertain whether physiological arousal is due to the difficulty of the task or the specific
mathematics context.

The second limitation is related to the association between physiological and self-reported data. Several studies
correlated physiological measures (a proxy of state-MA) with self-reported trait-MA (for example, Dew et al., 1984;
Qu et al., 2020), whereas the discrepancy between state-MA and trait-MA has been well established (Bieg et al., 2014;
Orbach et al., 2020). Therefore, it is important to examine physiological measures in relation to state self-reports.
Although Strohmaier and colleagues (2020) measured self-reported state-MA, they only included one physiological
measure (i.e., phasic GSR) and thereby did not pursue an advanced multimodal approach. Combining multimodal data
can provide new valuable insights in terms of their interrelationship and effects on learning (Horvers et al., 2021;
Noroozi et al., 2020).

The aim of this study is therefore to tackle these research gaps by using a two-by-two experimental design
manipulating both task difficulty (easy vs difficult) and topic (math vs non-math). This leads to four task conditions for
which we measured self-reported state anxiety, perceived difficulty and various physiological responses (GSR, HR, HRV,
and ST).

The following research questions are addressed:
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RQ1. Does the difficulty level (easy vs difficult) and topic (math vs non-math) result in differences
in terms of ...?

a. self-reported state (math) anxiety

b. physiological measures: skin temperature, heart rate (variability), and galvanic skin response

RQ2. Can physiological measures account for differences in self-reported state math anxiety?

Method

Participants

Participants were 44 undergraduate students (Mg, = 20.73, SD,,, = 4.81, 84% female) in "Educational Sciences’ within
the Faculty of Psychology and Educational Science in Belgium. All students were invited by email and participation was
voluntary on the basis of active written informed consent in exchange for course credits or a gift voucher. The data
collection was conducted in December 2020, according to the regulations of and approved by the ethical committee of

KU Leuven.

Procedure

Figure 1 illustrates the entire procedure. During the experiment, appropriate safety measures were maintained to
minimize the risk of contamination by Covid-19.

Figure 1

Visualisation of the Study Design

The study was conducted in a laboratory setting to control for as many as possible confounding variables. The
researcher was present while the participant went through the experiment individually, using a presentation with
step-by-step guidelines. After attaching the devices for capturing the physiological responses, the student received four
questionnaires through the online environment Qualtrics. All questionnaires had to be answered using a Likert scale,
with higher scores indicating higher levels of self-concept or anxiety. First, the Academic Self-concept Scale (ASC scale;
Liu & Wang, 2005) was used to measure general self-concept. Second, we used the Math subscale of the Self-Description
Questionnaire III (SDQ-III; Marsh & O’Neill, 1984) to assess the level of math self-concept. Third, we measured general
anxiety with the Generalized Anxiety Disorder (GAD7; Spitzer et al., 2006). Finally, the Abbreviated Math Anxiety Scale
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(AMAS; Hopko et al., 2003) was used to measure trait-MA. These instruments had a Cronbach’s alpha of respectively,
.74, .88, .82, and .88. These questionnaires were administered, as this study is part of a larger research project, but not
analysed since this was not the scope of this paper. However, the timeframe to complete the questionnaires (+/- six
minutes) was used as a period of habituation of the devices to the participant’s body.

Afterwards, a baseline measurement was conducted in which the participant was in a quiet condition and watched
a video with nature images and sounds. In the main part of the experiment four tasks had to be performed, which
were offered in random order. After completing the tasks, a second baseline measurement was carried out in which the
participant watched another nature video. These baseline measures were not further analysed, as we were primarily
interested in the effect of the manipulated task conditions.

Tasks and Instruments

Participants administered four tasks differing in terms of content topic (math versus non-math) and difficulty level (easy
versus difficult): (1) easy math task, (2) difficult math task, (3) easy non-math task, and (4) difficult non-math task. Each
task started with instructions and five practice trials, after which the instructions were repeated, and 35 experimental
trials were presented. Each trial consisted of two stimuli presented on opposite sides of the screen until response. After
a response was given using the arrow keys, an interstimulus interval with a fixation mark was presented for 1400
microseconds. Measures of reaction times and accuracies for each trial were recorded by the program PsychoPy.

The math task was a fraction comparison task in which participants verified which of two fractions was the
largest (see an example of math items in Figure 2). Various indicators, of which multiple evidence indicates that these
indicators impact the difficulty level of fraction comparisons, were used to create an easy and difficult condition of
this task: natural number bias, distance effect, gap thinking, benchmarking, common components, and the number
of digits (DeWolf & Vosniadou, 2011; Faulkenberry & Pierce, 2011; Vamvakoussi et al., 2012). The non-math task was
a colour comparison task, in which participants had to decide on which side of the screen the mixing of colours
resulted in the darkest colour (see an example of non-math items in Figure 1). This task was developed because of
the similarity to the fraction comparison task, which is a two-alternatives with forced-choice verification, in which
four elements must be processed and combined in a decision. Similarly as for the math task, six indicators were used
to systematically manipulate an easy and a difficult version of the non-task: distance effect, exactness brightness,
benchmarking, lightest/darkest, common components, and the need to mix. Although we aimed for the highest possible
degree of equality, these tasks differed since the fraction comparison task requires semantic processing and the colour
comparison task is a perceptual comparison task. Based on some pilots, the difficulty of this alternative non-math task
was adjusted to match performance with the math task. Elaborated information about the development of the tasks and
indicators can be found in the Supplementary Materials (see Figure S1 and Figure S2), and the tasks are available on the
Open Science Framework (Demedsts et al., 2023a).

After each task, participants had to rate two questions on a scale from 1 to 10. The first question was: “How
difficult did you find the exercises?”, to determine the perceived difficulty. The scale ranged from not difficult (1) to very
difficult (10). Second, participants were asked to answer the following question: “How anxious were you while doing the
exercises?”. This item probed the state (math) anxiety, ranging from not anxious (1) to very anxious (10).
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Physiological Measurements

Physiological data were measured by two devices developed by
the research and development hub imec, see Figure 2. The first
device was a chest patch (represented on the right side of Figure Wearable Devices to Measure Physiological Responses
2) recording an electrocardiograph at a sampling rate of 256 Hz,
which reported information about HR and HRV. Second, a wrist-
worn wearable (represented on the left side of Figure 2) registered
GSR at a sampling rate of 256 Hz with a high dynamic range
(0.05-20pS) at the lower side of the wrist and ST at the upper side
of the wrist at a frequency of 1 Hz. This wearable was worn on
the non-dominant hand and the chest patch was placed on the left
chest. From the four recorded physiological signals, a total of 20
features were extracted. Redundant features were removed based

Figure 2

on intercorrelations (max r = 0.7) of features from the same signal
(Smets et al., 2018; Wijsman et al., 2011). This resulted in a reduced feature set for further analysis of 9 features (2 GSR
features, 3 ST features, 1 HR feature, and 3 HRV features; McCraty et al., 2009). Additionally, a quality indicator was
calculated automatically by an algorithm that took anomalies into account to check the quality of the data measures.
The data were averaged based on ticks for the different conditions.

Analysis

For the physiological data, the quality indicator (ranging from 0 to 1) was checked before analysing the data. Values
lower than .80 were deleted (for a more detailed explanation of this procedure, see Smets et al., 2018), because this
indicates low quality of the data which could be caused by bad connection due to incorrect sensor attachment, too dry
skin, chest hair (ECG patches), etc. Unfortunately, 9 participants had to be removed for the analyses on HR(V). As a
result, the analyses for HR(V) data are only based on 35 participants.

To account for the repeated measurements and the large individual differences of physiological measurements,
we opted to use multilevel analysis techniques, linear mixed models (LMM) with Restricted Maximum Likelihood
estimation. All LMM analyses were performed in R using the lme4 package (Bates et al., 2015) and supplementary
pairwise comparisons were carried out with the Multcomp package (Hothorn et al., 2008), using Holm correction. All
numerical variables were centered and standardized (Lorah, 2018).

Before addressing the research questions, a manipulation check was performed by comparing the performances
(accuracies and reaction times) and self-reported difficulty for the four task conditions, using a LMM and pairwise
comparisons. We expected differences in terms of accuracies, reaction times and, self-reported difficulty between the
easy and difficult task of the same topic. To be more precise, we assumed the difficult task versions to be administered
less accurately and slower and to be perceived as more difficult compared to their easy version. For tasks of the same
difficulty level from another topic, we expected these tasks to be similar in terms of accuracies and perceived difficulty.
Since the processing for these tasks is distinct, we expected differences regarding reaction times in that math tasks
require longer reaction times.

The first research question addressed whether the tasks resulted in differences in self-reported anxiety and physio-
logical measures. Given this research question, we investigated the mean differences of these measures between the
four task conditions. We used a univariate LMM for each outcome variable, and included topic and difficulty level, as
fixed effects and additionally controlled for order effects. Multiple comparisons were conducted to identify differences
between the four tasks.

The second research question investigated whether self-reported MA could be assessed through physiological
measures, therefore this research question will be answered only with data from the math tasks. We first examined the
zero-order repeated measures correlations between the self-reported MA and the physiological measures. To identify
the features that can indicate self-reported MA, a separate multilevel analysis was carried out for each physiological
signal (ST, HR, HRV, and GSR). These separate models provide a perception about how well these signals can indi-
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cate self-reported MA. Features with a Variance Inflation Factor (VIF) higher than 10 were removed, due to high
multicollinearity. Next, the features across signals that are significantly explanatory for self-reported MA are merged
in a combined multilevel model. This combined model explains how well self-reported MA can be measured when
combining physiological data.

Results

Manipulation Check

Before turning to the research questions, we checked whether the manipulation regarding the difficulty level of the
tasks functionated properly. Table 1 summarizes the descriptive data for the four tasks, for the outcome variables
accuracies, reaction times, and perceived difficulty. Furthermore, in Table 2 and Figure 3, results of multilevel analyses
are depicted for each outcome variable to check the effect of the manipulation statistically. No significant order effects
were found for these outcome variables.

Table 1

Descriptive Statistics for Accuracies, Reaction Times, and Perceived Difficulty

Difficulty level
Easy Difficult Easy Difficult Easy Difficult
Accuracies Reaction time Perceived difficulty
Topic M SD M SD M SD M SD M SD M SD
Math 32.70 4.10 23.09 4.59 1.63 0.91 5.75 5.68 4.23 2.36 8.36 1.31
Non-math 34.82 0.45 23.05 5.06 0.54 0.24 2.05 1.06 1.43 0.70 8.18 1.98

Table 2

Results for the Multilevel Analyses of Accuracies, Reaction Times, and Perceived Difficulty

Accuracies Reaction times Perceived difficulty
Fixed Effects Est (SE) t 4 n; Est (SE) t P na Est (SE) t P n
Intercept -0.90 (0.21) -4.25 <.001*** 0.51 (0.29) 1.74 08" 0.86 (0.18) 4.84 <.001***
Topic -0.01(0.12)  -0.06 95 0.00 -1.06 (0.16)  -6.43  <.001*  0.24 -0.05(0.09)  -0.58 57 0.00
Difficulty 1.43 (0.12) 12.05 <.001*** 0.53 -1.18 (0.16) -7.18 <.001*** 0.29 -1.23 (0.09) -13.04 <.001*** 0.57
Order 0.01 (0.04) 0.37 71 0.00 0.03 (0.05) 0.54 59 0.00 -0.03 (0.03)  -0.90 37 0.01
General anxiety 0.01 (0.01) 0.51 .61 0.01 0.04 (0.02) 2.24 .04* 0.11 0.01 (0.01) 1.02 32 0.02
Topic x Difficulty 0.32(0.17) 1.92 06" 0.03 0.74 (0.23) 3.21 .002** 0.07 -0.78 (0.13) -5.85 <.001*** 0.21
Random Effects Variance SD Variance SD Variance SD
Within subjects 0.31 0.56 0.59 0.77 0.19 0.44
variance
Between subjects 0.05 0.22 0.08 0.29 0.06 0.25
variance
Model Fit
R 0.65 0.34 0.74
R 0.69 0.42 0.81
AIC 348.11 457.36 284.01

fp<.10. *p < .05. **p < .01. ***p < .001.
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Figure 3

Visualisation of the Manipulation Check per Condition

For the accuracies, a main effect of difficulty indicated better performance for the easy tasks than for the difficult tasks.
Further, there was a (nearly) significant interaction between topic and difficulty. In line with our hypotheses, pairwise
comparisons showed that difficult tasks were solved less accurately than their easy version, both for math (B = -1.43,
SE = 0.12, p < .001) and non-math tasks (f = -1.75, SE = 0.12, p < .001). Moreover, there were no significant differences
regarding accuracies for the two difficult tasks (B = -0.01, SE = 0.12, p = .95). Considering the easy tasks, however, results
indicated that the easy math task was solved less accurately than the easy non-math task (f = -0.32, SE = 0.12, p = .02).

The LMM for reaction times showed main effects for difficulty and topic and an interaction. Pairwise comparisons
showed an increase in reaction times for difficult tasks, both for math (f = 1.18, SE = 0.16, p < .001) and non-math tasks
(B = 0.43, SE = 0.16, p = .02). The comparison of the reaction times between the two tasks of the same difficulty level
but another topic (math vs non-math) is less relevant, given that the math task requires semantic processing and the
non-math task is a perceptual comparison task.

In view of perceived difficulty, a main effect of difficulty and interaction was observed. Pairwise comparisons
indicated that the difficult tasks were perceived as more difficult compared to the easy ones, for both math ( = 1.23,
SE = 0.09, p < .001) and non-math tasks (f = 2.00, SE = 0.09, p < .001). As expected, there was no significant difference in
the perceived difficulty of the two difficult tasks (f = -0.05, SE = 0.09, p = .57), but the easy math task was, on average,
perceived as more difficult compared to the easy non-math task (B = 0.83, SE = 0.09, p < .001).

In sum, the results confirmed that the difficult tasks were resolved slower and less accurately and were perceived
as more difficult by the participants compared to the easy versions of the same task. However, a (nearly) significant
interaction was found for all outcome variables. For tasks of the same difficulty level but different in topic, it was
observed that only the two difficult tasks were administered equally correctly and were perceived equally difficult
by the participants. This was not the case for the two easy tasks, as the easy non-math task was completed slightly
more accurately and was perceived as being slightly easier compared to the easy math task. We can therefore conclude
that the manipulation did not fully worked out as expected. As a result, for the following research questions, when
comparing math and non-math tasks, we will only compare the difficult tasks.

Differences in Measures of Anxiety in Easy and Difficult Math and Non-Math Tasks

Through the first research question, we want to gain insight into differences in measures of state anxiety, namely
measured through self-reports and physiological measures, for four tasks with different difficulty and topic. Table 3
summarizes the descriptive data for the four tasks, for the self-reported anxiety and all physiological measures.
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Table 3
Descriptive Statistics for Self-Reported Anxiety and Physiological Features
Difficulty level

Easy Difficult Easy Difficult Easy Difficult Easy Difficult Easy Difficult
Topic M SD M SD M SD M SD M SD M SD M SD M SD M SD M SD

Self-reported anxiety GSR: skin conductance level  GSR: skin conductance phasic ST: mean ST: standard deviation
Math 3.82 2.20 5.30 2.40 0.24 0.48 0.27 0.58 4.45e-3 1.15e-2 7.18e-3 1.70e-2  29.30 2.04 29.26 2.04 0.04 0.03 0.08 0.06
Non-math 1.80 1.19 4.19 2.35 0.25 0.52 0.25 0.54 5.92e-3 1.99e-2 7.72e-3 2.42e-2 29.31 2.01 29.29 2.05 0.03 0.02 0.05 0.02

HRV: standard deviation of HRV: low frequency divided
ST: slope HR: mean RR intervals by high frequency HRYV: heart coherence ratio

Math 5.4le-4 1.27e-3 6.8le-4 1.35e-3 84.61 11.66  85.36 10.66  64.14  43.08 70.16  41.21 1.74 2.26 2.16 3.44 0.48 0.54 0.34 0.27
Non-math 7.34e-4 1.15e-3 4.34e-4 1.22e-3 83.23 11.84 83.25 11.33 60.13 42.29 62.55 37.76 1.81 2.02 1.85 1.99 0.33 0.21 0.36 0.27

Self-Reported Approach

Results of the self-reported anxiety, displayed in Table 4 and Figure 4, indicated that participants’ self-reported state
anxiety differed based on the topic and the difficulty of the task. There appeared no significant effect of order. A main

effect of difficulty and topic was found. Pairwise comparisons showed that participants reported to experience more
feelings of anxiety during the difficult tasks compared to their easy versions, for both math (f = 0.61, SE = 0.13, p < .001)
and non-math tasks (f = 0.92, SE = 0.13, p < .001). For the difficult math task state anxiety levels were scored higher
compared to the difficult non-math task (f = 0.51, SE = 0.12, p < .001).

Table 4

Results for the Multilevel Analyses of Participants’ Self-Reported Math Anxiety

Self-reported anxiety

Fixed Effects Est (SE) t r M
Intercept 0.30 (0.28) 1.05 .30
Topic -0.67 (0.09) -7.52 <.001*** 0.30
Difficulty -0.77 (0.09) -8.58 <.001*** 0.36
General anxiety 0.04 (0.02) 1.89 vl 0.08
Order 0.02 (0.04) 0.38 .70 0.00
Random Effects Variance SD
Within subjects variance 0.35 0.59
Between subjects variance 0.38 0.61
Model Fit
R 0.29
r 0.66
AIC 415.67

Tp<.10. *p < .05. **p < .01. ***p < .001.
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Figure 4

Visualisation of the Self-Reported Anxiety per Condition

Physiological Approach: Skin Temperature, Heart Rate (Variability) and Galvanic
Skin Response

For ST (N = 44), a separate LMM was conducted for the mean, the standard deviation, and the slope. A main effect of
order was found for the mean ST, indicating an increasing temperature throughout the experiment. No main effects
were found for the mean and slope of the ST. For the standard deviation of the ST, a main effect of difficulty and
topic was found. Pairwise comparisons between the tasks revealed a higher standard deviation of ST for the difficult
compared to the easy version, for both math (f = 0.93, SE = 0.18, p < .001) and non-math (§ = 0.40, SE = 0.18, p = .07)
tasks. Further, a higher standard deviation of the ST was found for the difficult math task compared to the difficult
non-math task (f = 0.80, SE = 0.18, p < .001).

For both the tonic and phasic GSR component (N = 44), no main effect of topic, difficulty, or order was found.

For the mean HR (N = 35), a main effect of topic and order was observed. No effect of difficulty was found. Pairwise
comparisons did not result in any significant differences between the tasks.

Three features of HRV (N = 35) were analysed, more specifically the standard deviation of RR intervals, the low
frequency divided by the high frequency, and the heart coherence ratio. Only for the standard deviation of RR intervals,
a main effect for order was observed and a nearly significant main effect for topic and difficulty. Pairwise comparisons
revealed only a significant difference between the easy non-math condition and the difficult math condition (B = 0.26,
SE = 0.09, p = .03).

Together, regarding the first research question, it can be concluded that different tasks (varying in topic and
difficulty) result in differences in self-reported anxiety, and to a limited extent in physiological responses. Self-reported
state anxiety was higher for: (1) the difficult compared to the easy math task and (2) the difficult math task compared
to the difficult non-math task. However, these self-reported differences in anxiety are not (or barely) detected by the
physiological measures, except for some small differences between conditions for the standard deviation of the ST and
the standard deviation of RR intervals (see Supplementary Materials, Table S1, Table S2, and Table S3). Overall, at a
group level, we can conclude that increasing difficulty and changing topic does not result in significant differences in
physiological measures.

Physiological Measures as Indicators for Self-Reported Math Anxiety

Since the purpose of the second research question was to identify physiological indicators for MA, we excluded the two
non-math conditions from this analysis. To provide a first idea about the relatedness between the self-reported state-MA
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and the various physiological features, a repeated measures correlation matrix is depicted in the Supplementary
Materials (see Table S4). Results showed positive correlations between self-reported state-MA and the standard deviation
of the ST (r,, = .37, p = .01), the standard deviation of the RR intervals (r,, = .35, p = .04), and a negative correlation with
the heart coherence ratio (r,, = -.38, p = .03). Multilevel analyses were applied to further investigate these preliminary
results of the repeated measures correlations.

As a first step, all features of each physiological signal were considered in a separate LMM. The VIF scores were
low (VIF < 3), suggesting that there was no risk of multicollinearity in these analyses. The physiological measures that
resulted to be significant predictors of the self-reported MA were combined in one multilevel model: the phasic GSR
component, the standard deviation of the ST, and the heart coherence ratio as a measure of HRV.

However, results of this combined LMM indicated that the standard deviation of the ST was not a significant
predictor of the self-reported MA, so this predictor was excluded. The results of the final LMM (see last column of Table
5) showed that higher self-reported MA was associated with an increased phasic GSR and a decreased heart coherence
ratio, with small effect sizes. Together, these two physiological features explained 8% of the variance in self-reported
MA. This model had a better fit than the null model, x2 (2, N = 34) = 11.06, p < .01).

Table 5

Results for the Multilevel Analyses of Participants’ Self-Reported Math Anxiety

Null model Model 1 Model 2

Fixed Effects b (SE) £ P n12J b (SE) t P ']}27 b (SE) t P n12J
Intercept 0.00 (0.16) 0.01 1 0.00 (0.14) 0.00 1 0.00 (0.14) 0.00 1
GSR: skin - - - - 0.34 (0.13) 2.68 01 11 0.35 (0.13) 2.76 01** 12
conductance phasic
ST: standard deviation - - - - 0.02 (0.10) 0.21 .83 .00 - - - -
ECG: heart coherence - - - - -0.21 (0.10) -2.06 .04* .08 -0.21 (0.10) -2.11 .04* .08
ratio

Random Effects

Variance SD Variance SD Variance SD

Within subjects 0.36 0.60 0.33 0.58 0.33 0.58
variance
Between subjects 0.65 0.80 0.53 0.73 0.52 0.72
variance

Model Fit
R 0 0.07 0.08
R 0 0.15 0.16
AIC 175.62 170.52 168.55

Tp<.10. *p < .05. **p < .01. ***p < .001.

In sum, with regard to the second research question, these results suggest that some physiological features (i.e., phasic
skin conductance and heart coherence ratio) can explain a part of the variance of the self-reported MA. However, the
size of these effects is rather small. As a result, most of the variance in self-reported MA cannot be explained by these
physiological measures.

Discussion

This study investigated to what extent self-reported state-MA can be measured through physiological measures. For this
purpose, we manipulated the difficulty level of a math task to encompass a wide range of state-MA. Additionally, we
designed a parallel easy and difficult non-math task, to investigate whether physiological signals are a response to being
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confronted with the subject of mathematics or are just a reaction towards the difficulty level of a task. We administered
the tasks in a lab setting to control for as many as possible confounding variables.

Manipulation Check of Performances and Perceived Difficulty

In line with our hypotheses, we observed significant differences for accuracies, reaction times, and perceived difficulty
between the easy and difficult versions of both the math and the non-math tasks. This implies that the difficult versions
were resolved less accurately accompanied by longer reaction times and were perceived more difficult, compared to the
easy versions of the same task. As expected, no significant differences between the two difficult tasks were identified,
indicating that both tasks were perceived as equally difficult and were solved equally accurately. By contrast, this was
not the case for the two easy tasks, since the easy math task was perceived as more difficult and was solved less
accurately than the easy non-math task.

These results only partially confirm the effectiveness of the manipulation of the difficulty level. Despite that the
fractions included in the easy math task were of elementary school level, individuals apparently found them difficult.
This finding is in line with research that revealed continuing difficulty with this topic (DeWolf & Vosniadou, 2011)
and might be a possible explanation for the experienced difficulty of this easy math task. Another possible explanation
relates to individual differences in experiencing something as difficult (Doz et al., 2023), causing students to perceive the
easy math task as more difficult than the easy non-mathematics task. Future work may include defining difficulty or
request participants to report their unique classification criteria.

Measures of State Anxiety in Math and Non-Math Tasks

The first research question investigated whether the different tasks resulted in differences in terms of state anxiety,
measured through self-reports (subjective measure) and physiological data (objective measure). Regarding self-reported
anxiety, the results of this empirical study show that both the topic and difficulty level of the tasks influenced feelings of
anxiety.

The manipulation check confirmed that the math tasks could be distinguished based on their difficulty level since
the easy task was found to be resolved faster and more accurately and was rated to be less difficult compared to the
difficult version. This result suggested that the difficult math task triggered more MA, which is in line with studies
pointing to the ‘anxiety-complexity effect’ (Trezise & Reeve, 2018). Although, some previous studies also provided
evidence that MA already affects very basic mathematic processing (Maloney et al., 2010, 2011). Hence, it could
conceivably be hypothesised that MA already impacts simple math tasks, however, task difficulty and MA are strongly
related causing MA to increase with more difficult math tasks.

Furthermore, it must be noted that the self-reported (math) anxiety was relatively low in this study since in both
difficult conditions only an average anxiety rate was reported (i.e., 5.30 and 4.19 on a scale from 1 to 10 for math
and non-math tasks, respectively). One reason for this could be that there was no immediate effect or consequence
for the participant when performing low-level on this experiment. Therefore, it might be worthwhile to investigate
this research question more thorough in high-stakes and more ecologically valid situations in further studies (as also
been suggested by Strohmaier et al., 2020). Another possible explanation for these relatively low levels of self-reported
anxiety may be the difficulties associated with assessing affective states retrospectively, as described in the introduction
(Dowker et al., 2016).

Despite these low self-reported anxiety levels, it is striking that we observed a significant difference between the two
difficult tasks, indicating that the math task aroused more feelings of anxiety than the non-math task. In addition, the
manipulation check demonstrated that these tasks were equally difficult in terms of accuracies and, were additionally
perceived as such by the participants. So, the differences in self-reported anxiety cannot be due to the fact that a
particular task was more difficult or was perceived to be so. This finding suggests the existence of a domain-specific MA
construct, indicating that mathematical situations specifically trigger feelings of anxiety.

Concerning the physiological measures, potential differences between conditions were only observed for two
features. The standard deviation of the ST was higher in the difficult tasks compared to the easy ones and was
higher in the difficult math task compared to the difficult non-math task. The standard deviation of RR intervals was
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significantly higher in the difficult math task compared to the easy math task and the difficult non-math task. For all
other features, there were no significant differences between conditions. This finding is consistent with results from
Hunt and colleagues (2017) who could only observe differences in physiological measures between a baseline condition
and a task condition, but not between two task conditions differing in difficulty. Moreover, this finding is in line with
the observation that self-reported anxiety was rather low for the provided tasks. A possible explanation might thus
also in this case be that the experiment did not induce a very strong feeling of anxiety, resulting in differences in
physiological responses that were not sensitive enough to be registered. However, it is also possible that the challenges
associated with using physiological measures prevented us from finding significant results (Horvers et al., 2021). In
addition, further research with a stronger focus on the way these physiological responses are interpreted by individuals
may provide additional insights.

In sum, significant differences in terms of self-reported anxiety were observed between the four tasks conditions. By
contrast, only two differences between these tasks were found for the physiological measures. It can be concluded that
differences in self-reported anxiety are (almost) undetected by the physiological measures (in line with Strohmaier et al.,
2020).

Physiological Measures as Indicators of Self-Reported Math Anxiety

The second research question examined to what extend the variability in self-reported MA, through an easy and
difficult math task, can be assessed through physiological measures. Our data revealed no strong associations between
participants’ self-reported feelings of state MA and physiological measures. These results seem to be consistent with
other research also reporting no significant correlations (Strohmaier et al., 2020) or only in very limited timeframes (Qu
et al., 2020). From the multilevel analyses, it could be concluded that higher values in phasic GSR and lower values of
heart coherence ratio are significantly indicative for self-reported MA. Although two physiological features are shown
to be predictive for the self-reported feelings of MA, a note of caution is due here since only a limited amount of
variance in self-reported MA is explained by these two physiological features.

There are several possible explanations for these results. One possible explanation could be that these two measure-
ment approaches assess two distinct facets of the same construct, as also suggested by Strohmaier and colleagues (2020).
Alternatively, it is also possible that the relationship between self-reported anxiety and physiological responses only
occurs at high levels of anxiety, thus involving a threshold linear relationship. It can therefore be assumed that at this
moment, physiological responses should not yet be used as a primary method for mapping MA (Harley et al., 2015). To
further develop a full picture of the possibility to use individuals’ physiological responses as a measure of their level of
MA, further research is needed.

Limitations

When interpreting the results and drawing conclusions, it is important to consider the limitations that are inherently
connected to the present study. First, we should acknowledge the relative small number of participants in this study.
The limited number of studies relying on physiological indices complicates determining an appropriate sample size.
Nevertheless, we would like to point out that the number of participants in the current study is comparable to
previous studies that have included physiological data (e.g., Singh et al., 2019; Qu et al., 2020). Moreover, the applied
within-subject design with a randomized two-by-two factorial design adds to the power of this study (i.e., 44 level two
units, 176 level one units). Since we only examine fixed effects, the number of clusters in this study is proved sufficient
to lead to good and unbiased estimates (Maas & Hox, 2004). Second, using physiological measures comes with some
limitations. For example, several features were extracted from the physiological responses, but of course, it still concerns
a selection which could be optimised. Furthermore, physiological measures are missing for some participants due to
poor connectivity of the devices resulting into low data quality. However, relying on a multimodal approach is seen as a
relevant avenue to gain a deeper understanding of how feelings of math anxiety manifest in individuals. Third, we must
indicate the limitations of the used tasks. The predetermined manipulation did not prove to be completely successful,
leaving us to restrict the analysis to the comparisons that could be reliable performed. Possibly different processing
strategies are used in the different tasks and non-math tasks contained no academic content, however the current data

Journal of Numerical Cognition
2023, Vol. 9(3), 380-397
https://doi.org/10.5964/jnc.9735


https://www.psychopen.eu/

Measuring Math Anxiety 394

collection does not allow to uncover the underlying rationale. Regarding the math tasks, we recognize that these task
are not comparable to mathematical contexts students face in everyday life, which might have influenced the occurrence
of authentic feelings of MA.

Given these limitations, there is a need for replication studies with larger samples in more authentic settings using
an alternative control task (after extensive piloting). Eye-tracking and think-a-loud methods can be added to gain more
insight into how students perceive and solve the tasks, and to further explore the use of physiological responses to
validate our findings.

Conclusion

To conclude, the current study has shown that two equally difficult tasks resulted in differences in terms of self-reported
anxiety, indicating a specific anxiety associated with mathematical tasks. However, it was somewhat surprising that
almost no differences in physiological measures were noted between those tasks. Moreover, this study indicated that
some physiological measures (i.e., phasic GSR and heart coherence ratio) are significant predictors for individuals’
self-reported MA. Further research, which considers the abovementioned methodological limitations, is necessary to
provide more insights into the use of the physiological measures in the research field of MA.
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