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Abstract: The effects of educational anxiety have been observed across multiple disciplines; 
anxiety negatively influences cognition, self-regulation, performance, and educational 
outcomes. However, there has been limited research on anxiety within the context of interactive 
learning environments. In the current research, we expand this by assessing whether and how 
trait-level anxiety (assessed as a pre- and post-measure in a year-long study) is related to 
students’ self-regulated learning strategies, behaviors, belief, and achievement in the context of 
an open-ended math problem-solving platform, called CueThink. Results indicate that anxiety 
is negatively related to key constructs involving math achievement. Altogether, our findings 
generally imply that students with higher anxiety may avoid interacting with their stressors, in 
this case, math content, effectively contributing to poorer outcomes. We discuss our findings 
within the context of research and pedagogical and system design. 

 

Introduction 
Anxiety is generally defined as the affective reaction to overwhelming cognitive and motivational demands that 
are tied to highly valued academic situations (González, Fernández, & Paoloni, 2017; Pekrun & Perry, 2014; 
Zeidner, 2014) often resulting in decreased performance (Hong, 2010). Individuals prone to anxiety are 
purportedly less likely to effectively manage uncertainty leading to difficulties around decision making, which 
contributes to negative outcomes on performance, motivation, and attention across various subject areas (e.g., 
Ashcraft, 2002, Na, 2007; González et al., 2017; Pardo, Han, & Ellis, 2016; Taylor, & Fraser, 2013; Woolf et al., 
2010). Anxiety around specific subject matter, such as math or science, can also lead to avoidance behaviors, both 
in daily life and within educational settings (Ashcraft, 2002; Brunye et al., 2013). This can then impact competence 
and academic success (Plake & Parker, 1982; Brunyé et al., 2013). When learners engage with a subject in which 
they experience anxiety, they are more likely to underperform as a result of hyper-focusing cognitive and 
attentional resources on apprehension and concern regarding the demands of an educational task instead of 
strategies for problem solving (Ashcraft, 2002; Beilock & Carr, 2005; Jelici et al., 2004).  

Although previous research has established the impact of anxiety on learning, few studies have examined 
this phenomenon within the context of interactive learning environments (ILEs; with some exceptions, see Andres 
et al., 2021, Hutt et al., 2021b). As ILEs become more prevalent at all levels of education (Allen & Seaman, 2014) 
it is important that we consider how individual differences between students may impact their experiences, so that 
ILEs can be designed to better support students’ needs. The effects of anxiety may also be compounded in ILEs 
where there may be reduced immediate feedback from instructors and increased demands of metacognitive skills, 
proficiency with technology and complicated software (Hsu et al., 2009). The fine-grained data collection by ILEs 
allows for insights into the interactions and relationships between learner cognition and affect (Hutt et al., 2021a; 
Sinha, Jermann, Li, & Dillenbourg, 2014). For example, extensive work has considered the relationship between 
learning, interaction and epistemic (or academically-relevant) affective states (e.g., boredom, confusion, delight, 
engaged concentration, and frustration) in ILEs. However, this work has generally not considered anxiety.   
 By better understanding how anxiety may manifest in ILEs, we gain not only a better understanding of 
the phenomena, but the potential to respond to and scaffold students experiencing anxiety. Affect-sensitive 
interventions have produced better learning gains (D’Mello & Graesser, 2012; Clavel & Callejas, 2015; DeFalco 



 

 

et al., 2018), and support positive self-perceptions and attitudes (Karumbaiah et al., 2017). Additionally, 
interventions have been designed to impact constructs such as motivation (De Vicente & Pain, 2002) and self-
efficacy (Beal & Lee, 2005).   

This paper thus examines the effects of anxiety within a digital learning application called CueThink, an 
open-ended math problem-solving platform. Specifically, this study leverages a multi-faceted correlational 
approach to understand what constructs are related to anxiety in the context of a math-focused ILE. Specifically, 
we collected a broad range of measures that may be related to anxiety in order to identify how anxiety relates to: 
1) survey measures to identify how trait-level anxiety relates to changes in student usage, belief, achievement, 
learning, and performance; 2) previously-developed detectors of self-regulated learning behaviors; 3) usage 
behaviors in the ILE (e.g., response patterns and language). Through these analyses, we attempt to build a better 
understanding of how anxiety can influence learners within an ILE and how features of learner experiences can 
be used to eventually build systems that can identify and mitigate the influence of the effects of anxiety. 

 

Methods 
 

CueThink 
CueThink is a digital learning application that scaffolds math problem-solving and encourages mathematical 
discourse through open-ended problems and corrective feedback. Students are asked to think aloud while they 
solve math problems to create a shareable screen-cast video of their overall problem-solving process as well as 
their final answer. Within CueThink, students work on Thinklets, step-by-step processes for solving math 
problems. Each Thinklet consists of four phases: Understand, Plan, Solve, and Review. This was developed in 
line with the Winne & Hadwin model of SRL (Winne & Hadwin, 1998) and scaffolds a problem-solving process 
that includes unpacking the problem, choosing a strategy, and creating a plan. Students can move freely across 
the four phases, including going back to a previous phase or skipping phases. 

The Understand phase asks students to structure their conceptualization of the problem by asking three 
questions: (1) “What do you notice?” (2) “What do you wonder?” and (3) “What is your estimated answer to the 
problem?” In the Plan phase, students are asked to select strategies they will use to solve the problem (either from 
a pre-written list or self-defined) then write a plan on how they will use the strategies to solve the problem. In the 
Solve phase, students explain and present their answer. During this phase, the students create a screencast video 
using an interface that provides them with a whiteboard and mathematical tools (i.e., number lines, ruler, etc.). 
Lastly, in the Review phase, students provide the final answer to the math problem and reflect on the accuracy of 
their answer, the clarity of their responses, and record this reflection using checklists. 

Once students have completed the problem, they share their screencast explanation for Peer Review. 
Teachers and peers are encouraged to annotate both the textual responses and video with the goal of prompting 
the student to identify their underlying reasoning or for using specific methods. These annotations are then sent 
back to the video’s author for possible revision of the video. 
 

Sample  
A total sample of 213 of students (115 sixth grade and 98 seventh grade) participated in the larger study. However, 
as is common in classroom studies, not all students completed all measures. As a result, a varying number of 
students were included across statistical analyses in order to maximize the availability of data per analysis; final  
N’s for each test are reported alongside the results in the following sections. All students were drawn from three 
middle schools from a large, suburban school district located on the West Coast of the United States. The 
participants identified their gender as male (40.8%), female (53.1%) or non-binary (1.9%) or other (2.8%), with 
1.4% of participants electing not to specify a gender. The participants also identified as Hispanic/Latinx (29.6%), 
Middle Eastern (28.6%), 2 or more races (16.4%), Asian (6.6%), Black/African American (4.2%), or White 
(2.8%), with 11.7% of participants preferring not to specify their ethnicity.  

Pre-test and post-test survey measures were administered within the course of this study (details below). 
Students were given approximately 75 minutes to complete three different survey components. The first was a 



 

 

paper-and-pencil mathematics assessment developed by Illustrative Mathematics (approx. 35 mins.), followed by 
an online set of questionnaires distributed over Qualtrics (approx. 20 mins). This form contained prompts from 
the modified Abbreviated Math Anxiety Scale, Indiana Math Belief Scale, i-Ready Diagnostic, and Junior 
Metacognitive Awareness Inventory. For consistency across the varied scales, each item from all self-report 
surveys were reported on a scale from 1-100. Lastly, the third component was Adaptive Cognitive Evaluation, to 
measure executive function (UCSF, 2022). The content of the pre-test surveys and post-test surveys were identical. 
The three components were administered in no particular order. Pre-test surveys were completed anytime within 
a two-week period between November and December 2021 and the post-tests were completed anytime within a 
three-week period in May 2022.  
 

Research instruments 
Executive Function. Executive function (EF) was measured using the Adaptive Cognitive Evaluation (ACE; 

Younger et al., 2022). ACE is implemented through a series of game-based cognitive tasks around three core EFs: 
inhibition, working memory (change detection), and cognitive flexibility (task switching; Miyake et al., 2000). 
Mean and standard deviation scores were calculated for both reaction time and accuracy measures.  

 
Content Knowledge. i-Ready diagnostic assessments were used a proxy for mathematics content knowledge 

by the partnering district (Curriculum Associates, 2022). The i-Ready (CDE, 2022) instrument is an adaptive 
assessment tool used to identify math topics students are struggling with. It examines students’ understanding of 
mathematical sub-domains, including numbers and operations, algebra, geometry, and measurement. This 
assessment was administered three times throughout the school year. These testing periods were conducted 
towards the beginning (September), middle (December to January), and end (May) of the academic year. 

 
Metacognition. An abbreviated version of the Junior Metacognitive Awareness Inventory (MAI, Jr.; Rhodes 

et al., under review; Sperling et al., 2002) was administered to record subjective metacognitive and cognitive 
strategies applied by learners.  Objective metacognition was separately recorded through the use of confidence 
judgements wherein students estimated how well they would perform on problem-solving exercises and would 
evaluate their performance immediately after the task. Scores for objective metacognition were calculated by 
computing the absolute value of the difference scores between an individual’s confidence judgements and their 
actual performance. 

 
Affective Instruments. Anxiety and mathematic epistemological beliefs were recorded using the modified 

Abbreviated Math Anxiety Scale (mAMAS; Carey et al., 2017), and belief scales 1, 5, and 6 of the Indiana 
Mathematics Beliefs Scales (IMBS; Kloosterman & Stage, 1992), respectively. The mAMAS uses a two factor 
structure that uses two subscales: learning math anxiety (Learning subscale), and math evaluation anxiety 
(Evaluation subscale; Hopko et al., 2003; Carey et al., 2017). The scale has shown good internal consistency, with 
an overall Cronbach's α 0.85, a Cronbach's α of 0.77 for the Learning subscale and Cronbach's α 0.79 for the 
Evaluation subscale (Carey et al., 2017; Cipora et al., 2015; Szczygieł, 2019). The scale was developed for 
children between 8 and 13 years old (i.e., overlapping with our research sample) and consisted of 9 items. The 
mAMAS was slightly modified to change adapt words to American English (e.g., “maths” to “math”). 

The IMBS measured beliefs around mathematics, more specifically about whether students believe they can 
solve time-consuming problems, about whether effort increases ability, and about the usefulness of mathematics 
in their lives, respectively. Students were also given five questions about their feelings about mathematics and the 
classroom and a question about how close they felt to the subject of mathematics. An abbreviated version of the 
IMBS (Rhodes et al., under review) was administered to reduce testing fatigue. 

 
Problem Solving Measure. Members of the research team developed 3-item problem solving measures for 

each grade. All items for this measure were drawn from mathematics problems developed by Illustrative 
Mathematics (IM) and included in the current measure based on A) their cognitive demand and overall rigor, B) 
their alignment with district standards for the given grade level, and C) the degree to which students were required 



 

 

to explain their thinking. Each problem was scored for accuracy (IM accuracy) using IM answer keys. Problems 
were also scored by external researchers who assessed the degree to which a student demonstrated appropriate 
and sufficient mathematical understanding, regardless of their final answer (IM understanding). Each student 
received both scores. 
   
Self-Regulated Learning Behaviors 
In addition to these surveys, we also analyzed the relationship between anxiety and students’ self-regulated 
learning (SRL) behaviors, using a set of behavior detectors developed using qualitative codes of SRL behaviors 
originally developed by Zhang and colleagues (2022) and validated for generalizability using 10-fold student-
level cross validation (summarized in in Table 1). Results were calculated for each fold and averaged to yield one 
AUC ROC score per detector; all the values in the table show relatively high accuracy for each SRL behavior. 
 

Table 1 
Detector Performance Measured by AUC ROC with Standard Deviations (Zhang et al., 2022) 
SRL Indicator AUC ROC Working Definition 

Numerical Representation 0.894 (.078) Representation notes numerical components and how these are used in the math problem 
Contextual Representation 0.813 (.132) Representation notes contextual details (setting/characters/situations) in the problem 
Outcome Orientation 0.761 (.076) Only a numerical estimate of the final answer (suggests a focus on output over process) 
Data Transformation 0.815 (.163) Information is manipulated to find a solution (suggests active problem solving) 

 

Usage Data and Linguistic Features 
Throughout this study, we extracted the amount of time each student spent completing tasks within each phase of 
their Thinklets. This data was recorded in seconds and summarized at the student level per phase (Understand, 
Plan, Solve, Review). Students’ text responses were also analyzed for linguistic features using the Linguistic 
Inquiry and Word Count (LIWC) program (Pennebaker et al., 2015). LIWC analyzes 100 different lexical 
categories (Pennebaker et al., 2015) and uses a combination of computing methods and dictionaries that 
automatically tabulate text files for word counts and important psychosocial constructs and theories with words, 
phrases, and other linguistic constructions (Boyd et al., 2022). We attempted to minimize Type 1 errors by 
selectively choosing the lexical features under the Cognition category of LIWC (Boyd et al., 2022). This category 
reflects the different ways people refer to their thought processes. The table below summarizes the subcategories 
that are included in this category as well as some of the same words that are recorded and coded for each of these.  

 
Table 2 
LIWC categories and most frequently used exemplars (Boyd et al., 2022) 
Subcategory Most frequently used exemplars Subcategory Most frequently used exemplars 

Cognitive Processes but, not, if, or, know Differentiation but, not, if, or 
Causation how, because, make, why Memory  remember, forget, remind, forgot 
Discrepancy would, can, want, could Insight know, how, think, feel 
Tentative if, or, any, something All-or-None  all, no, never, always 
Certitude really, actually, of course, real Number one, two, first, once 

 
Statistical Analyses 
Spearman’s Rho was used to correlate the survey-level and detector-based SRL behaviors with anxiety scores 
(pre-test and post-test scores). Spearman’s Rho is commonly used in analyses where the assumptions of normality 
are not met. Linear regressions were used to regress interactions between anxiety scores and time spent in each 
phase onto measures of achievement, SRL behaviors, and linguistic features. Specifically, linear regression was 
used to examine the strength of the interaction of anxiety and time spent on the different outcome variables.  
 

 
 
 



 

 

Results 
 

Correlations with Anxiety 
Anxiety scores and survey measures were analyzed using Spearman correlations and Benjamini and Hochberg 
post hoc corrections (see Table 3). We find that pre-test and post-test anxiety positively correlate with one another 
(ρ = 0.56), where higher anxiety scores at the beginning of the school year corresponds to increases in anxiety 
scores later on in the school year. This is not surprising when considering the relative stability of trait anxiety. 
Higher anxiety before using CueThink is negatively correlated with math epistemological beliefs (IMBS scores) 
and achievement (iReady and IM scores), indicating that increased anxiety scores at the beginning of the study 
correspond to poorer mathematics performance and more negative beliefs around mathematics. A similar though 
less salient relationship can also be observed between post-texts of anxiety, as they negatively correlate to IMBS 
scores and achievement. The reduced effects of anxiety may potentially indicate that learners gain a better 
understanding of the requisites for solving mathematical problems throughout the study. Correlations between 
anxiety metrics and linguistic features were also conducted, however, did not yield any significant results.  

 
Table 3 
Spearman correlations for student level survey measures (p < .05, non-significant results were omitted from 
the table, red cells indicate negative correlations, blue cells indicate positive correlations) 
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Anx 
(pre) 

1.00 0.56 -0.02 0.01 -0.36 -0.30 -0.27 -0.21 -0.29 -0.15 -0.28 -0.31 -0.24 -0.31 -0.25 -0.15 -0.23 -0.20 

N 165 131 165 131 165 131 165 131 165 131 151 151 151 151 151 152 151 152 

Anx 
(post) 

 1.00 0.05 0.07 -0.24 -0.27 -0.13 -0.19 -0.17 -0.10 -0.14 -0.23 -0.24 -0.22 -0.25 -0.01 -0.14 -0.07 

N  134 131 134 131 134 131 134 131 134 127 127 127 127 121 133 121 133 

 

Usage Data 
Correlations and post hoc corrections were calculated to examine the relationship between the different survey 
responses and the amount of time students spent (in seconds) in the Review and Solve phase of their Thinklets. 
The results indicate that more time spent in these phases is associated with students engaging more frequently in 
specific SRL behaviors (see Table 4). Additionally, increased time spent in the Solve phase negatively correlates 
to math performance on the IM metric. The relationships indicate that despite the increased opportunity of students 
to engage in SRL behaviors, this may not necessarily correspond to improved performance.  
 

Table 4 
Correlations between time spent and survey responses and detectors (non-significant results were omitted 
from the table, red cells indicate negative correlations, blue cells indicate positive correlations) 
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1 0.44 0.04 0.04 -0.18 -0.01 -0.04 0.03 0.33 0.09 0.23 0.11 

N 179 179 165 134 153 156 153 156 179 179 179 179 

Time Spent 
(Solve) 

 1 0.03 0.01 -0.24 0.04 -0.11 0.12 0.43 0.09 0.29 0.08 
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Linear regressions were also conducted to examine the influence of anxiety (pre-test and post-test) and time spent 
in the Solve phase, as well as their interaction, on outcomes of achievement and SRL behaviors. The regressions 
between pre-test anxiety scores and time did not reveal any significant relationships between the anxiety and the 
outcome variables. The linear regressions examining the interaction between post-test anxiety scores and time 
spent in the Solve phase on achievement and the SRL behaviors reveal that post-test anxiety had a significant 
interaction effect with time spent on Solve phase. A simple slopes analysis reveals that this interaction effect was 
predictive of increased math achievement (p = .034, R2 = .097) where more anxious students who spend more 
time in the Solve phase are likely to perform better on their iReady scores where the students who take less time 
are more likely to perform worse. Urgency, perceived threats of failure, or avoidance (Dickerson & Kemeny, 
2004; Chrousos, 2009) resulting from anxiety may lead to poorer performance on math tasks and metrics. 
Regressions were also conducted to predict linguistic variables using anxiety scores and time spent in the Solve 
phase; however, there were no significant results from this analysis. 
 

Table 5 
Beta Coefficients for Linear Regressions Predicting Achievement (N = 127) and SRL (N = 134) p < .05). 
Significant (p< 0.05) coefficients shown in blue and bold type 

 Dependent Variables  Dependent Variables 

Predictors 
iReady 

Avg 
Numerical 

Rep 
Contextual 

Rep 
Outcome 

Orient 
Data 

Transform Predictors 
iReady 

Avg 
Numerical 

Rep 
Contextual 

Rep 
Outcome 

Orient 
Data 

Transform 

(Intercept) 0 0 0 0 0 (Intercept) 0 0 0 0 0 

Anxiety (pre) -0.28 0.02 -0.03 0.01 0.01 Anxiety (post) -0.2 0.1 0.03 -0.02 0.1 

Time Spent 
(Solve) 

0.14 0.35 0.16 0.27 0.19 
Time Spent 
(Solve) 

0.13 0.43 0.28 0.23 0.23 

Interaction 
(Anx (pre) * 
Time) 

-0.08 0 -0.09 0.06 -0.06 
Interaction 
(Anx (post) * 
Time) 

0.21 -0.02 0.02 0.02 0.01 

 

Discussion and Conclusions 
 
The effects of anxiety within education are pervasive and diverse, however it remains to be comprehensively 
examined within ILEs. This work attempts to further research in this area by demonstrating the influences of 
anxiety on achievement, usage, and SRL within the CueThink platform. Overall, the combination of findings 
captures the influences of anxiety independently and in tandem with other significant interaction variables. 
Through this analysis, we found that higher pre-test anxiety corresponded to lower achievement scores within the 
math-based platform, and that a large proportion of the sample experienced anxiety. Though not a particularly 
surprising finding, these results are important in contextualizing the influence of anxiety within this kind of 
platforms and to better understand which aspects of the platform, usage, or content contribute to anxiety the most 
will be valuable to developing learning platforms that reduce student anxiety. 

Further analysis shows that higher anxiety and changes in the time spent completing responses 
correspond to varying math achievement. More specifically, the results of this study indicate that students with 
increased levels of anxiety take more time in Solve phases but perform better on math-based assessments. Anxious 
students generally tend to avoid stress-inducing materials (Ashcraft, 2002; Brunyé et al., 2013), negatively 
impacting their academic outcomes (Plake & Parker, 1982; Brunyé et al., 2013). However, students who are able 
to overcome anxious reactions are also able to mitigate the effects of anxiety on their performance (Brunyé et al., 
2013). The inclusion of time may aid in identifying anxious students and offer helpful interventions in response.  

Overall, these results demonstrate the importance of student anxiety within ILEs. Our work seeks to 
highlight the differences in interaction that emerge among students based on their experiences of anxiety and how 
these, in turn, can impact various aspects of their learning experiences and outcomes. Future work should examine 
anxiety at the same level of the actions completed by students within the platform to support the development of 
automated detectors of anxiety. These detectors would support fine-grained analyses that can parse moment-by-
moment experiences of anxiety and its influences on behavior, allowing educators, researchers, and designers to 
build anxiety-sensitive interventions to enhance educational experiences for anxious students. 
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