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more about the research discussed in this thesis and any publications based on it, to which

you could refer, please contact the supervisor mentioned.
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Abstract

Adaptive learning algorithms have gained popularity in educational contexts to effectively
improve declarative fact learning. Such systems can improve learning by determining
individual schedules of facts repetition, based on individual parameters, such as reaction
time and accuracy. While studying declarative facts with an adaptive algorithm has been
repeatedly proven to outperform less adaptive systems when using these performance
parameters, it has never been examined when learning procedural knowledge, such as
mathematical multiplications. Here, we are particularly interested in individuals with
mathematical anxiety, their association with lower performance on mathematical tasks,
and whether using adaptive methods might minimize their perceived mathematical anxiety.
Our results indicate that differences between the two algorithms are small, with a slight
advantage in accuracy and reaction time on test with the non-adaptive one. However, the
adaptive algorithm shows a slight improvement in reaction time on learning. Additionally,
our results point out that individuals with higher scores on mathematical anxiety tend to
forget slightly faster when learning new facts. Contrary to previous results, we did not
observe any association between performance parameters and mathematical anxiety. The
current results help us better understand the differences in memory retention between
declarative and procedural facts, and possible links between poor performance in
math-related tasks and anxiety.

Keywords: adaptive learning, mathematical anxiety, procedural knowledge, memory
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Towards reducing mathematical anxiety through adaptive learning

Mathematical knowledge is fundamental in many activities, ranging from
high-technology jobs requiring data analysis, accounting and statistics, to everyday
activities such as budgeting for our expenses. Lacking mathematical skills might affect our
career choices, making us prone to choose college majors unrelated to mathematics (Ma
and Johnson, ).

Studies looking into the cause of decreased mathematical skills pointed towards
mathematical anxiety as an essential factor (Barroso et al., ). Meta-analyses have
shown that mathematical anxiety, defined as fear and worry about our mathematical
performance, has a moderate negative association with mathematical achievement (Barroso
et al., ; Hembree, ; Ma, ). Studies show that students with increased anxiety
about mathematics tend to avoid careers that imply mastering mathematical concepts or
STEM (science, technology, engineering and math) related fields (Ahmed, ; Ashcraft,

). Some studies point out that females report higher levels than men (Devine et al.,

), whereas others indicate that the difference is similar for both genders (Barroso et al.,

). Therefore, it is important to acknowledge the possible link between mathematical
anxiety and mathematical skills and find solutions for preventing or reducing it.

An FMRI study (Supekar et al., ) investigating whether one-to-one math
tutoring programs can reduce math anxiety in third-grade children, shows that negative
emotional response to mathematics is decreased by such intervention, pointing out the
importance of math-tutoring programs in decreasing mathematical anxiety. As an
alternative to tutoring, learning with computerized methods is increasing in popularity, due
to studies indicating their efficacy in learning declarative facts (Van Rijn et al., ). By
taking into account the learners’ individual differences, such algorithms can optimize
learning facts compared to non-adaptive algorithms (Sense et al., ). The existing

literature points out that the learner’s accuracy and reaction time are suitable performance
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parameters to approximate how well one can memorize an item (Anderson, ).

Whereas some previous studies have focused their attention on adaptive learning
methods to improve educational achievement (Johnson et al., ; Liu et al., ), we
want to extend the ongoing topic by comparing memory retention differences between an
adaptive and non-adaptive algorithm. Therefore, an interesting topic of research is whether
an adaptive algorithm could efficiently improve performance parameters on memorizing
procedural knowledge while solving mathematical multiplications. Additionally, given the
association between mathematical anxiety and poor mathematical skills, we were interested
in measuring whether an adaptive algorithm is perceived to decrease the anxiety related to
mathematics by improving one’s performance on the task. Following, we present a review
of the literature on such algorithms and possible mechanisms that could explain the link

between mathematical anxiety and mathematical performance.
Literature review
Mathematical anxiety

Although the mechanism through which mathematical anxiety impairs
mathematical performance is yet unknown, several theories point out that working memory
might play a role (Ashcraft and Moore, ). In this view, the term affective drop
indicates a drop in one’s mathematical performance due to mathematical anxiety rather
than capabilities or competencies (Ashcraft and Moore, ). Initially, limited working
memory capacity was attributed to decreased mathematical performance because resources
are shared between intrusive thoughts and mathematical problems. This framework is
known as the processing efficiency theory (PET) (Eysenck and Calvo, ). Supporting
evidence for the working memory and mathematical anxiety link comes from Ashcraft and
Kirk ( ), who tested participants’ working memory capacity while performing a
complex mathematical task. In this study, participants stored words or digits in their
working memory while processing arithmetic or verbal tasks. For the arithmetical tasks,

participants had to solve simple additions, whereas for the verbal one, they had to answer
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simple questions about the content of a sentence. Participants then recalled the last
words/numbers from the equation or sentence in each trial for both conditions. Results
showed that the group with the highest score on the mathematical anxiety scale had a
lower working memory span compared to the groups with lower scores, indicated by a lower
number of numbers/words recalled. The authors hypothesized that due to a disruption in
the central executive processes, there is an increase in demand during the online task for
this particular group, without relating this to any intrusive thought. Additionally, results
show that math anxiety depends on the complexity of the mathematical problems, with
higher working memory demand for multi-digit additions than single-digit ones (Ashcraft
and Faust, ). In short, there is some evidence suggesting that math performance is
associated with mathematical anxiety, as both use limited working memory capacity.

Later on, Hopko et al. ( ) questioned the possibility of an attentional-control
deficit among individuals with high mathematical anxiety. Results reported in their study
(Hopko et al., ; ) suggested modifying the processing efficiency theory (Eysenck
and Calvo, ). In their view, the link between mathematical anxiety and decreased
mathematical performance is due to failure to inhibit one’s intrusive thoughts and lack of
attentional control. Since the two explanations lacked precision and explanatory power, the
attentional-control theory reinterpreted PET (Sudrez-Pellicioni et al., ; Eysenck et al.,

). In agreement with the attentional-control theory, anxious individuals have an
imbalance in attention by increasing their attention to the stimulus-driven system and
decreasing it to the goal-oriented system. Therefore, individuals are more prone to
distractions (bottom-up attentional intrusions) and are less focused on the ongoing task
(top-down attention). Based on such evidence, anxiety impairs inhibition and attentional
control, regardless of the source of stimuli (external or internal) (Suédrez-Pellicioni et al.,

; Eysenck et al., ). The literature overview above points out that working-memory
load impacts mathematical anxiety and performance, even though the relation is not yet

fully understood. Regardless of being an intentional-control deficit or a decrease in
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working-memory capacity, mathematical anxiety might reduce the mental resources
available for solving mathematical problems.

Here, we aim to improve mathematical skills through scheduled memory retrieval
training and improve performance for mathematical multiplications. By increasing
mathematical skills through practice and at individual schedules, we aim to reduce at least
some part of the source of the mathematical anxiety, by reducing mental resources used on
the mathematical task. In this manner, as positive responses to math performance

increase, the resources used for negative thoughts towards mathematics decrease.
Adaptive learning algorithms

Adaptive learning algorithms have the capacity to give students feedback specific to
their learning requirements, and improve their learning based on individual differences.
The SlimStampen algorithm is an example of adaptive algorithm, a system that improves
the learning efficacy by using an adaptive learning system, which results in better retention
at the end of each study session (Sense et al., ; Van Rijn et al., ; Wilschut et al.,

). Starting from Pavlik’s and Anderson’s ( ) ACT-R model of retention, which
assumes that based on the difficulty of an item, there is an individual rate of forgetting, the
adaptive algorithm can estimate individual differences in learning. Specifically, by
determining one’s reaction time and accuracy for an item response, the system estimates a
parameter called rate of forgetting (RoF) for that particular item and aims to repeat it for
retrieval at an individual schedule just before being estimated to be forgotten (Van Rijn
et al., ). To determine RoF, an a parameter will be calculated to determine the decay
at which one item should be presented from its first encounter (see subsectionThe ACT-R
model). In the classic non-adaptive flashcard method, learners will initially be presented
with all items to be retrieved, and all incorrect answers will be placed at the end of the set,
to be repeated again in the order they have been mistaken. So far, the SlimpStampen
adaptive learning algorithm has proved its efficacy in varied fields such as learning different

declarative fact material (Sense et al., ) or learning modalities (Wilschut et al., ).
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An open question is whether the SlimStampen adaptive learning system is efficient
when solving mathematical problems. This study is the first to investigate whether an
adaptive learning algorithm that takes into account individual differences in learners’
reaction time and accuracy proves to be superior to a non-adaptive learning one when
solving mathematical multiplications. A better understanding of the strategies used in
mathematical calculations is required to explore this possibility. Along the strategies most
used by learners, we count direct retrieval (i.e., remembering the solution of the problem)
and procedural operations (i.e. actively calculating the answer to a question) (Polspoel
et al., ). Anderson ( ) distinguishes two types of memories that might help us
hypothesize the retrieval process in solving mathematical problems: declarative and
procedural memory. According to the ACT-R theory (Anderson, ), the core theory
behind the SlimStampen algorithm, a declarative memory will be stored in chunks, a
product of the elements inside it, strengthened in time (A; = Y W;S;;) (see Figure 1). For
example, when solving 5 x 6 = 30, the product will be retrieved by elements 5 and 6,
reflecting the source activation of the chuck (W;). In contrast, the degree of activation will
determine the strength of activation (.5;;) between the two elements (Anderson, ,

).

On the other hand, procedural memory requires a production rule conditioned by
the circumstance on which one can apply it, and at the specific time, it can be applied
(Anderson, : ). Roussel et al. ( ) suggest that in computing mathematical
multiplications, the learner activates declarative knowledge by directly retrieving the
answer of a calculation, compared to additions that rely on both types of memories.
Therefore, when offering solutions for multiplication problems, the retrieval mechanism
relies on declarative knowledge by activating facts within an associative network (Roussel
et al., ). Similarly, Groen and Parkman ( ) argued that adults directly retrieve
solutions for pairs of calculations from memory, relying on procedural rules only when they

fail to. As the learner improves its arithmetical strategies, a shift from procedural memory
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to declarative one occurs, leading to faster reaction time in solving the mathematical
problem, due to increased strength of association between the problem and the solution
(Siegler and Shrager, ).

Figure 1

ACT-R theory declarative chunk.

Multiplication
fact

five product thirty
(Wi) (Wj)
six
(W)
Note. Adapted from Anderson et al., illustrates an example of a declarative chunk of the

multiplicative fact 5 x 6 = 30 corresponding to the ACT-R theory.

Research purpose

In this view, the adaptive learning algorithm will determine an optimal schedule for
retrieving the multiplications based on the particular reaction time and accuracy score
while learning (Van Rijn et al., ; Sense et al., ). Therefore, there is a higher
memory strength of association between the multiplication elements encountered more
often, thus a shorter reaction time and better accuracy. If reaction times decrease and
accuracy increases, we expect participants to improve their performance for the
mathematical task. We are particularly interested in initial differences in reaction time and

accuracy for participants who presented higher initial levels of mathematical anxiety and
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the associations between them. Because RoF is higher for participants who tend to forget
declarative facts quicker, we are invested in its association with mathematical anxiety
scores (Van Rijn et al., ). Additionally, we examine the individual preferences in using
one of the two algorithms. Finally, by increasing one’s performance on the mathematical
task at an individual level, we expect participants to self-report a decrease in their
mathematical anxiety by using the adaptive algorithm.

Therefore, the objectives of the investigation are:

1. To examine the differences in accuracy and reaction time between an adaptive

learning algorithm and a non-adaptive one.

2. To observe individual differences in initial mathematical anxiety scores on accuracy

and reaction time when solving mathematical multiplications.
3. To examine participants’ preferences in learning with one of the two algorithms.

4. To examine the self-reported efficacy of an adaptive learning algorithm in improving

mathematical skills and reducing mathematical anxiety.

We predict that the SlimStampen algorithm will result in higher accuracy and slower
reaction time in solving multiplications than with the non-adaptive one. We hypothesize
that initial higher mathematical anxiety scores will correlate negatively with accuracy and
positively with reaction time and RoF. Finally, we hypothesize that participants will show
a higher preference in learning with the SlimStampen algorithm compared to the

non-adaptive one, and will indicate a decrease in their mathematical anxiety.
Method
Participants

Participants included 74 students from the University of Groningen, who voluntarily

participated in the experiment in exchange for course credits. All participants completed
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the experiments conditions of the first session. Only 71 participants completed both

sessions. There were no exclusion criteria before starting the experiment.
Materials
Measure for mathematical anxiety

To reduce administration time, mathematical anxiety was assessed with the brief
version of the Mathematical Anxiety Rating Scale (MARS) (Richardson and Suinn, )
the reduced version of the 98-items initial scale. The computer-based scale consisted of all
30 items from the (MARS-SV) (Suinn and Winston, ), describing different situations
encountering mathematical anxiety. Examples of items are "Studying for a mathematics
test” or "Figuring out your monthly budget” that were rated on a Likert-type scale from 1
(“not at all anxious”) to 5 (“very much anxious”) (See Appendix A for additional sample
items). Psychometric data indicate that there is high internal consistency with the initial
scale, with an alpha Cronbach of .96, and test the reliability of .90 (p < 0.0001) (Suinn and

Winston, ).
Measure for math skills

To assess mathematical skills, participants completed two unstandardized tests for
the first session and one unstandardized test for the second session. An initial set of
multiplications ranging from thirteen up to nineteen was selected. Multiplications of 1, 2,
and 10 were subjectively assessed as too easy and removed from the experiment. The
multiplication facts were presented by starting with the higher number as first factor (i.e.
13) and the lowest number as second factor (i.e. 3). To randomly allocate an equal number
of items to one of the learning blocks, one more item was eliminated (15 x 5), with a
remaining set of 48 items. All multiplications were shuffled and randomly selected for both

learning sessions.
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Measures of self-reported preferences and efficacy of the algorithms

We were interested in measuring self-reported preferences in learning with one of the
algorithms, and therefore we asked participants to rate on a Likert-like scale from 1 ("not
at all true") to 5 ("very much true") both statements: “I liked learning with the first
algorithm” and “I liked learning with the second algorithm” At the end of the second
session, participants self-reported the usefulness of the algorithm in reducing mathematical
anxiety on a Likert-type scale from 1 ("not at all") to 10 ("very much likely") with the
following statement “How likely is the first learning method going to help you reduce your

anxiety towards mathematics?”.
The ACT-R model

Based on Anderson ( , ), a declarative memory equation can be defined
under the ACT-R framework. Here, we are specifically interested in whether the following
model can be used in solving mathematical multiplications. In this view, an activation
value is defined for each mathematical item, which decays over time.

In the following equation,

n
Aitin) =Y (t—1;)7Y,
j=1
A; is the activation of item ¢ at time point ¢ for the n items studied. Depending on the
time ¢t of the item encountered at 7 point in time, the activation A; decreases or increases
based on the recency of the encountered item. Here, the d; parameter indicates how
quickly a fact will decay over time.

In the second equation,

« represents the decay intercept that determines the decay value of an item from its first
encounter. Lower decay values are attributed to items that have been encountered but for
which presentation was long ago in time. If the estimated reaction time was longer than

the actual reaction time, decay should have been longer.
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Finally, the last formula:
RT;(t) = Fe~® 4 fixed time,

shows that we can determine an estimated reaction time by scaling the activation F' of a
particular item ¢ at a point in time and summing it with a fixed time. The three formulas
above-mentioned aim to optimize memory retention at an individual level. In the updated
version of the algorithm (Van Rijn et al., ), the o parameter of a specific item
compares the estimated reaction time with the observed reaction time. In this manner, the
decay of an item’s presentation is settled to optimize memory retention. Different from
Pavlik’s and Anderson’s ( ) algorithm, the o parameter is updated for each item,
showing individual differences in reaction time, accuracy and RoF.

To determine individual RoF, the item that dropped below the retrieval threshold
will be the next to be presented to the participant at retrieval. Only when no item has
dropped below the threshold will a new item be presented to be studied. Based on RoF,

the algorithm checks which item needs to be presented for repetition.
Procedure

In the present study, participants had to participate in two different sessions, one
week apart, to observe if there is memory retention between the two-time occasions. In this
experiment, there were two experimental conditions, one consisting of the adaptive learning
algorithm and one of a non-adaptive one. In the first session, participants had to complete
both a learning block and a test block for each experimental condition. In the second
session, participants had to complete a test block. After completing informed consent, the
experiment started with the first session and lasted approximately 40 min. The second
session lasted around 10 min.

In the first session, participants had to complete the short mathematical anxiety
scale (MARS-SV) (Suinn and Winston, ), the two mathematical skill learning blocks

of 12 min each, one for each condition, followed by two short 5 min test blocks, one for
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each condition (see Figure 2). Afterwards, participants were asked about their preferences
in learning with the two algorithms. In a single trial, participants were presented with a
mathematical multiplication on the screen and asked to learn the answer. Then,
participants are asked to type the answer to the next multiplication. Participants receive
feedback ("correct"/"incorrect") for each response. There was a time limit of response set to
30 s per item. Participants started studying with the SlimStampen algorithm, to determine
the same number of items for the non-adaptive learning one. Both number and order of
items presented in the SlimStampen algorithm condition were determined based on RoF
(see The ACT-R model), a parameter initially set at 0.3, and subsequently adjusted based
on individual performances. For the non-adaptive algorithm, all items were shuffled over
four stacks, and each mistaken item went back at the end of the corresponding stack.
Then, the next item to be presented is the first mistaken one from the corresponding stack.
The procedure continues until the learning block is over. After completing each learning
block, participants were tested on the same items they studied.

Figure 2

Ezperimental design.

s MARS 9 R ' . . .| Rating
a Short learning 1% learning 1 % algorithms
& = =
10 min 12 min 5 min 12 min 5 min 1 min

(o]

5 O+l .| Rating

a test efficacy

wv

5min 1 min

In the second session, participants had to complete a 5 min test comprising the
previously studied items from both conditions from the week before. After being debriefed,

participants were asked to rate the usefulness of reducing mathematical anxiety by using
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the SlimStampen algorithm.
Analysis

The experiment was realized using Java. The analysis of this study is made in R 4.2
and is based on the package lme4 (Bates et al., ) for the linear-mixed effects modeling,
and ggplot2 for visualizing the data. To plot RoF and individual o’s across participants,

we used the SlimStampenRData package.
Results

In the current study, we assessed whether an adaptive-learning algorithm
outperforms a less adaptive flashcard-algorithm, in both reaction time and accuracy, while
solving mathematical multiplications. Furthermore, we investigated whether there is any
association between the scores on the mathematical anxiety scale and the reaction time,
accuracy and RoF of participants. We then evaluated which algorithm was preferred, and
whether participants reported the adaptive algorithm to efficiently reduce their
mathematical anxiety.

Participants were presented with 10 items on average, ranging between 4 and 24
items. During the 12 min of a learning session, participants gave an average of 116
responses with the SlimStampen algorithm and 120 responses with the non-adaptive
algorithm, with a mean of 4429.78 ms and 4542.73 ms, respectively. The average number of
repetitions for each item is 18 and 16 for adaptive and non-adaptive algorithms respectively.
However, by inspecting the unique number of repetitions over reaction time, we observe
that the adaptive algorithm had more repetitions for an unique item compared to the
non-adaptive one, with a maximum of 59 and 34 repetitions respectively (see Figure 3).

For a qualitative assessment of the relative difficulty of all items, Figure 4 shows
that the easier items were “14 x 7”7, “15 x 3”7 and “15 x 4” based on higher accuracy and
“13 x 37, “15 x 3”7 and “15 x 4” based on faster median reaction time. Additionally, the
items that were less accurate were “17 x 8”7, “18 x 3”7 and “19 x 8” with “18 x 77, “19 x

3”7 and “19 x 4” having the slowest median reaction time.
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Figure 3

Reaction times for unique items over repetition

4000
- 3000
E .
— Scheduling method
né — Non-adaptive
S 2000 — Adaptive
S
)
=
1000

30 40 - 50 60
Fact repetition

Note. Numbers inside the box indicate the number of unique items repeated for both conditions.

Differences between the adaptive and non-adaptive algorithm.

To answer our first main research question, we fitted mixed-effects regression models
for both variables, accuracy and reaction time, and compared differences between the two
conditions. We conducted four mixed-effects regression models for both the learning and
test blocks, with reaction time and accuracy added as fixed effects, and with items and
participants as random intercepts. We used contrast coding analysis on all mixed effects
regression models.

To determine the differences in accuracy during learning and test between the two
algorithms, the two sessions and their interaction effects during learning, we fitted two
logistic mixed effect regression models. Results show that the probability of giving a

correct answer during the test block was 0.8 percentage points higher in the first session
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Figure 4

Average accuracy differences for both sessions on learning (a) and on test (b) for the

Adaptive algorithm and the Non-Adaptive one.
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Note. Accuracy and median reaction time by multiplication item during the learning block.

(see Table 131), and 2.6 percentage points higher for the second session by using the
non-adaptive algorithm, in contrast to the adaptive one. The probability of giving a correct
answer during the test block was 4.8 percentage points higher during the first session in
contrast to the second one, with the non-adaptive learning, and 6.6 percentage points
higher on the first session in contrast to the second one, with the SlimStampen algorithm.

To examine differences in accuracy during the learning block between the two
algorithms, we fitted a second logistic regression mixed effect. According to the results, the
probability of giving a correct answer by using the non-adaptive learning algorithm was
0.01 percentage points higher (see Table 31) in contrast to the adaptive one.

Subsequently, we fitted two regression mixed effect models to observe differences in
reaction time between the two algorithms, the two sessions and their interaction effects
during learning. As the reaction time distributions were highly skewed, we used the median
reaction time for all analyses. Results, as seen in Table B2 indicate that, during the test

block the non-adaptive algorithm reaction times are 336.2 ms faster in contrast to the
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Figure 5
Average accuracy differences for both sessions on learning (a) and on test (b) for the

Adaptive algorithm and the Non-Adaptive one.
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adaptive algorithm (#(3040) = - 2.987, p = 0.002), and 1974.3 ms faster in the first session
in contrast to the second one (#(3028) = 17,739, p < 0.001), indicating that during test
participants were slightly faster in the first session by using the non-adaptive algorithm.
There was no significant interaction between the type of algorithm and session (£(3009) =
1.943, p = 0.0521), indicating that reaction times did not change between conditions across
sessions.

Finally, we examined differences in reaction time during learning by fitting one last
mixed-effect model. There was, on average, a 236.3 ms advantage for the SlimStampen
algorithm compared to the non-adaptive one (see Table 32). These results show that there
is a small difference between the two algorithms, with a slight advantage for the
non-adaptive algorithm for both accuracy and reaction time on the test block, and a small

advantage on accuracy on the learning block. However, there is a slight advantage for the
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adaptive algorithm on the learning block in reaction time, compared to the non-adaptive
one.

Figure 6

Median reaction time differences for both sessions on learning (a) and on test (b) for the

Adaptive algorithm and the Non-Adaptive one.
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Linear associations between mathematical performance and mathematical

anxiety scores.

To observe differences in accuracy, reaction time, and RoF between participants
with different scores on the mathematical anxiety scores, three simple Pearson’s
correlations were fitted, to assess the linear relationship between them. The distribution of
the mathematical anxiety scores is normally distributed, as revealed by Q-Q analysis.
However, there was a low number of participants for both high and low scores on
mathematical anxiety, resulting in a low number of observations for the high mathematical

anxious individuals. Therefore, no post-hoc analysis was realized to observe differences
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between the low and high mathematical anxiety group.

The first Pearson correlation computed was between the accuracy rate and
mathematical anxiety scores. Arcsine square root transformations were performed for this
data, with 0 : incorrect and 1 : correct. We expected accuracy scores to be lower for
participants with higher scores on the mathematical anxiety scale. There was however a
non-significant negative correlation between the mathematical anxiety scores and accuracy
(r(73) = - 0.13, p = 0.257).

Next, we computed a Pearson correlation between the relationship of the math
anxiety scores and median reaction time. Results show a positive non-significant
association between the two variables (r(73) = 0.15, p = 0.199).

Finally, we were interested in observing the linear relationships between RoF and
mathematical anxiety scores. We expected that participants with higher RoF to show
higher mathematical anxiety scores. Results indicate that there is a weak to moderate
positive association between the two variables (r(73) = 0.31, p = 0.007).

Figure 7
Linear association between median RT (a), accuracy % (b), RoF (c) and mathematical

anxiety scores.
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Altogether, these results show that, contrary to previous findings that point out
negative associations between high scores on mathematical anxiety and weak math
performance (Barroso et al., 2021; Hembree, 1990; Ma, 1999), mathematical anxiety is not
a significant predictor of slower reaction time and lower accuracy, but is, however, a weak
to moderate predictor for RoF, indicating that participants that have higher scores on the
mathematical anxiety scale might forget material more quickly.

Algorithm self-reported efficacy ratings.

To approach our last two research questions regarding the self-reported preferences
in learning with one of the algorithms and reported efficacy in reducing mathematical
anxiety by using the adaptive algorithm, means and differences in means were computed.
Figure 8
Mean difference in self-reported preferences in learning with the SlimStampen algorithm and

the Flashcard algorithm on a scale from 0 to 4 (0 = not at all true, 4 = very much true).

Ratings of the algorithms

Rating
N

Non-adaptive Adaptive
Type of algorithm

As shown in Figure & there is a small non-significant difference (#(74) = -1.41, p =

0.163) between the mean of the participants’ preferences in learning with the SlimStampen



MATHEMATICAL ANXIETY AND ADAPTIVE LEARNING 21

algorithm (M = 2.33, SD = 0.89) compared to the non-adaptive one (M = 2.15, SD =
0.84). On a scale from 0 to 9, participants rated on average 4.04 (M = 4.04, SD = 2.17),
the degree to which the SlimStampen algorithm is likely to reduce their mathematical
anxiety by using it when learning mathematical multiplications. Thus, no further
interpretations based on the available data can be offered, participants do not express any
particular preference for one of the algorithms, and their rating of the algorithm in

decreasing their mathematical anxiety is moderate.
Discussion

To our knowledge, the present research was the first to investigate whether an
adaptive learning algorithm that takes into account individual learner performance, such as
reaction time and accuracy, can outperform a less adaptive one when solving mathematical
multiplications.

The findings of this study are threefold, we will discuss each of these points in turn
below. First, in contrast with previous results that show that an adaptive algorithm is more
efficient in learning declarative knowledge facts (Van Rijn et al., ), our findings suggest
that a non-adaptive algorithm might have a slight advantage over an adaptive one when
learning and testing to calculate multiplications. This advantage can be observed while
testing participants’ accuracy and reaction time in solving mathematical multiplications, as
well as their accuracy on learning, but not for their reaction time on learning. A possible
explanation for our findings might be due to the fact that we did not ask participants
explicitly to memorize the answer to the multiplications. According to the ACT-R theory,
the information of a declarative fact is stored in chucks, and it is strengthened in time by
repeated activation (Anderson et al., ). Here, participants had around 30 s to answer
the multiplication question, which indicates that they might have calculated the answer
and did not explicitly store it as a declarative fact. The procedural component might slow
down the processing due to using “production rule” and different steps of cognition

(Roussel et al., ). A possible explanation for the current results is that, given the fact
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that solving mathematical multiplications is procedural knowledge, one needs more time to
shift from it to a declarative one (Siegler and Shrager, ). For example, if participants
were to learn for longer study sessions (longer than 12 min) and across repeated sessions,
they would need more time to shift from procedural to declarative knowledge.

Secondly, we hypothesized that participants with higher scores on mathematical
anxiety show a slower reaction time and a lower rate of accuracy while learning
mathematical multiplications. Additionally, we predicted that the individual RoF would be
positively associated with high scores on the mathematical anxiety scale. However, our
results suggest that only the RoF is weakly to moderately associated with participants’
higher scores on mathematical anxiety, indicating that these participants tend to forget
more easily while learning. The absence of a significant association between the
performance parameters, such as reaction time and accuracy with mathematical anxiety
might be due to the distribution of the participants’ scores itself, with a relatively low
number of participants that show both high and low anxiety towards mathematics. This
might indicate that more observations of highly anxious participants for mathematics are
needed to conclude results on the ongoing hypothesis. Another possible explanation of the
current results could be due to the choice of performance parameters, such as accuracy and
reaction time. There is a possibility that our results are inconsistent with previous findings
because mathematical skills were previously measured with other performance parameters
(i.e. scores on statistical tests, scores on standardized tests).

Finally, we were interested in observing whether participants show any particular
preference in learning with one of the algorithms, and whether they subjectively indicate
that the adaptive algorithm might be useful in decreasing their mathematical anxiety.
Contrary to our expectations, results suggest that participants show no particular
preference, reflected by no significant difference in preference, and their ratings on the
usefulness of the adaptive algorithm are moderate. As a possible explanation, participants

might need more interaction with both algorithms in order to observe differences between
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them, and therefore express a particular preference. Furthermore, using one informal direct
question with no previous validity analysis is risky in concluding the following results. It
might be that the question itself is too broad in ambiguity (i.e. participants do not

understand what it means to decrease mathematical anxiety).
Future directions and limitations

Before mentioning the limitations of the current study, it is worth acknowledging
one of its highest strengths. As already mentioned, the current study was the first to
investigate whether an adaptive learning algorithm that takes into account individual
parameters in learning, such as reaction time and accuracy performs better than a non
adaptive one. We are therefore first in exploring this topic, and encourage more research on
improving the adaptive algorithm for learning procedural knowledge. The lack of previous
documentation might suggest that some experimental design errors have been influenced
by this matter, and upcoming studies could aim to improve it and explore the possibility of
different results.

A possible limitation of the current study is the mechanism of retention behind the
adaptive algorithm, which might not be robust to procedural knowledge. As possible
solutions, future research should focus on exploring the procedural memory equation
behind the adaptive algorithm. Alternatively, with respect to the adaptive algorithm used
in the current study, future studies should emphasize learning mathematical multiplication
items as declarative facts. Therefore, by shortening the response time window (i.e. 5 s) and
emphasizing memorizing the answer, rather than calculating it, it would be interesting if
any different results arise. An alternative could be increasing the difficulty of the items, by
including multiplications of two digits. In this manner, participants memorize the answer to
the multiplication, instead of calculating it, given that the response window will be shorter.

Another possible limitation concerns the experimental design and the order of the
experimental condition learning blocks. The number of items presented in both algorithms

was determined based on RoF, suggesting that the first algorithm to start with was always
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SlimStampen. This might indicate that the adaptive algorithm has been disadvantaged by
being first in learning multiplications, because participants had time to rehearse the
multiplication tables. It is possible that some multiplications have been previously
rehearsed using the SlimStampen algorithm, facilitating the learning session with the
non-adaptive one. It has been shown that retrieval of previous facts facilitates learning of
new information (Pastotter and Bauml, ). An interesting alternative could be setting
four blocks of learning sessions, two for each experimental condition. By contrasting the
two adaptive algorithms blocks we could further observe whether the difference could be
explained by the disadvantage of the adaptive algorithm in starting first or not.

Perhaps the most contrasting difference between the two algorithms is the number
of repetitions per unique item (see Figure 3). We observed that this was higher in the
adaptive algorithm condition compared to the non-adaptive one, indicating that difficult
items have been repeated more often than the easier one. By repeatedly solving the same
multiplication for a prolonged time, participants might decrease their motivation. This
interpretation is partially in line with previous findings, which indicate that there is a link
between mental fatigue and task disengagement, which might influence the overall
performance (Hopstaken et al., ). To avoid this, future research might set a limit on
the maximum repetitions for each unique item for the adaptive algorithm.

With regards to the findings related to math anxiety, possible improvements are
worth mentioning. Here, we measured decrease in anxiety with an informal question.
However, an alternative to detect changes in math anxiety, is by measuring it pretest and
posttest, after a longer period of learning (i.e. six weeks). Moreover, we reasoned that by
adapting the learning experience to individuals’ parameters we might observe a decrease in
mathematical anxiety, or, other variables might be considered in future study, such as
success rate. Jansen et al., ( ) study investigated the decrease in math anxiety for
children who studied mathematics by using a computer-adapting program that takes into

account individuals’ ability level, and observed that there was a higher improvement in
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math performance associated with higher success rates. In their study, children solving
more difficult problems had a higher success rate, by practicing more problems, resulting in
an improvement in math performance. We suggest that future research pursue integrating
an overall success rate after each learning session, where participants can see in real time
their improvement on the learning path. Alternatively, it could be investigated whether
there is a decrease in math anxiety between pretest and posttest associated with higher
success rates due to learning with the SlimStampen adaptive algorithm compared to a
non-adaptive one.

A potential problem with the external validity of the current study is both about
the sample that included students from the University of Groningen and that it took place
in a laboratory. It would be of great interest to replicate the current study in real
educational contexts, such as classrooms, and in another sample, such as children from

primary or secondary schools.
Conclusion

The following study helps us improve our understanding of how adaptive learning
algorithms can personalize the educational experience in learning mathematics. To sum up,
the current results indicate that when solving mathematical multiplications, an adaptive
algorithm does not show any advantage in reaction time and accuracy compared to a less
adaptive one during test, but does show a slight advantage in reaction time while learning.
Here, we observed that participants with a higher RoF tend to score higher on the
mathematical anxiety scale, which indicates that mathematical anxious participants tend
to forget quicker when learning. Although our findings do not show any association
between mathematical anxiety and performance parameters, it does provide a basis for
future investigations. Importantly, the current results indicate that interventions with
learning algorithms may be useful in the educational contexts, and that learning could be
optimized in the future with their use, if slight adjustments to the current algorithms are

made. Moreover, these findings can bring much-needed insight for educators who consider
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integrating adaptive learning algorithms in classrooms, to improve both efficiency and

experience of learning.
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Appendix A

Instrument

The 30-item MARS-SV scale

1.

10.

11.

12.

13.

14.

15.

16.

Taking an examination (final) in a mathematics course.

. Thinking about an upcoming mathematics test one week before

Thinking about an upcoming mathematics test one day before.

Thinking about an upcoming mathematics test one hour before.

Thinking about an upcoming mathematics test five minutes before.

. Waiting to get a mathematics test returned in which you expected to do well.

Receiving your final mathematics grade in the mail.

Realizing that you have to take a number of mathematics classes to fulfill the

requirements in your major.

Being given a pop quiz in a mathematics class.

Studying for a mathematics test.

Taking the mathematics section of a college entrance examination.

Taking an examination (quiz) in a mathematics course.

32

Picking up the mathematics textbook to begin working on a homework assignment.

Being given a homework assignment of many difficult problems which is due the next

class meeting.

Getting ready to study for a mathematics test.

Dividing a five digit number by a two digit number in private with pencil and paper.
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17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Adding 976 + 777 on paper.

Reading a cash register receipt.

Figuring the sales tax on a purchase that costs more than $ 1.00.

Figuring out your monthly budget.

Being given a set of numerical problems involving addition to solve on paper.
Having someone watch you as you total up a column of figures.

Totaling a dinner bill that you think overcharged you.

Being responsible for collecting dues for an organization and keeping track of the

amount.

Studying for a driver’s license test and memorizing the figures involved, such as the

distances it takes to stop a car going at different speeds.

Totaling up the dues received and the expenses of a club you belong to.
Watching someone work with a calculator.

Being given a set of division problems to solve.

Being given a set of subtraction problems to solve.

Being given a set of multiplication problems to solve.
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Appendix B

Table section

Table B1

Mized-effects logistic regression models result from contrast coding for accuracy.

Accuracy on test 15} SE z P
Intercept 3.0598 0.1715 17.846 < 0.001***
Adaptive - NonA 0.3530 0.1642 2.149 0.0316
Sess 1 - Sess 2 -1.2572  0.1640 -7.668 < 0.001%***
Interaction -0.4541 0.3246 -1.399 0.1619
Accuracy on learning I} SE z P
Intercept 2.9027 0.1097 26.459 < 0.001%***
Adaptive - NonA -0.0292 0.0636 -0.459 0.0316

K p < 0.001 ** p < 0.01 * p < 0.05

Note. The logistic regression coefficients are converted into probabilities by an inverse logit

transformation with contrast coding.
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Table B2

Mixed-effects regression models result from contrast coding for reaction time.

RT on test 15} SE df t P
Intercept 4879.0 227.9 105 21.410 < 0.001%***
Adaptive - NonA -336.2  112.6 3040 -2.987 0.0028
Sess 1 - Sess 2 1974.3 0.1640 3028.3  17.639 < 0.001***
Interaction 431.1  0.3246  3009.2 1.943 0.0521
RT on learning B SE df t P
Intercept 3907.57 145.10 113.36  26.459 < 0.001%***
Adaptive - NonA 236.35  46.39 17634.63 5.095 < 0.001***

Rk p < 0.001 ** p < 0.01 *p < 0.05
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