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Abstract
This thesis has two goals, to consider the evidence for the spacing and testing effects in
mathematics and to investigate the effect of task complexity on the spacing effect. Chapter 2
presents a meta-analysis that aimed to synthesize the available evidence for the spacing and
testing effects in mathematics learning. I found evidence for a robust effect of spaced practice
and that this effect is larger when material is learnt in isolation rather than when embedded in a
course, however, there is not yet enough evidence to show a robust testing effect in mathematics
material. The experimental chapters of this thesis aimed to investigate the relationship between
spacing and task complexity in mathematics learning. As task complexity can vary depending on
the individual’s prior learning and experiences, this poses a problem when attempting to
prescribe an individual with a personalised spaced learning schedule. I aimed to reduce the effect
of prior knowledge by creating artificial tasks where each part is known to participants (i.e., the
action “divide by two” as a step in a procedure, or the evaluation “is it a multiple of five?” to
categorise a number), however, how the parts are structured is manipulated. Chapter 3 presents
two experiments where procedural complexity, number of steps in the procedure, was
manipulated. I found a consistent main effect of spacing, however spacing did not interact with
procedural complexity. Chapter 4 presents two experiments where element interactivity, the
number of elements that the learner must hold in working memory at once, was manipulated.
This was done by varying the structure of categories. Experiment three found no main effect of
spacing, however, I suggest this was due to interference between the categories. Overall, I found
no evidence that procedural complexity or element interactivity interacts with the spacing effect
and suggest this may be due to competing underlying mechanisms of the spacing effect that

enable the effect’s robustness across tasks.
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1 Literature Review

Many recent suggested best practices in education have focused on the long-term
retention of key mathematical knowledge (Ofsted, 2021). One reason for this is that the majority
of mathematics learning builds directly on previous ideas, which may have been introduced days,
months, or years earlier. Unfortunately, students often struggle to retrieve this knowledge
(Karpicke, 2012). Learners’ inability to retrieve past material requires instructors to allocate
additional time reintroducing it, which impedes not only the learners’ own progress but also, in
classroom settings, the progress of all. As time is a scarce resource in educational settings,
maximising the efficacy of time spent practicing is an important problem .

Fortunately, there are promising interventions that require little additional time and
resources: distributing practice and promoting active retrieval. These two interventions employ
robust phenomena from cognitive psychology: the spacing effect and testing effect. The spacing
effect describes the difference in retention of information when practice is distributed over
multiple sessions, rather than in one massed session. The testing effect describes the change in
retention when material is actively retrieved rather than restudied. In combination, they form
spaced retrieval practice (Hopkins et al., 2016). Already, spaced retrieval practice is in regular
use by many students in the United Kingdom. Online Platforms such as ARC Education (n.d.)
and Sparx Maths (n.d.) claim to harness the spacing and testing effect to improve retention for
pupils. For example, Sparx Maths (n.d.) states that they “ensure the practice uses spaced
repetition and interleaving to support a change in students’ long-term memories.” This is in
reference to a technical report commissioned by Sparx and implemented by RAND Europe and
the University of Cambridge (Brown et al., 2021). They found that greater time spent on the

Sparx Maths platform is positively and significantly associated with higher outcomes in maths.
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However, there is still limited research into the efficacy of these programs with no peer-reviewed
studies investigating their use of spacing (Gidaropoulos, 2021). With sites such as Sparx Maths
being in use by more than two million students in more than 2,200 schools (Sparx Maths, n.d.), a
small positive effect on retention could have a large impact. Furthermore, there is an increasing
push to bring these effects into everyday classroom use. A recent report by the British
government suggests frequent, low stakes testing as an essential strategy to improve outcomes
(Ofsted, 2021). Therefore, understanding when, how and what factors moderate the use of
spaced retrieval, before further widespread use, is essential.

This review has two purposes. Firstly, to review the existing evidence for spaced retrieval
practice for mathematics and, secondly, to explore factors that moderate its effectiveness. The
evidence for the spacing and testing effect will be discussed, and different theoretical accounts
will be described and evaluated, followed by a potential problem with investigating retrieval in
mathematics. Next, the evidence on the effectiveness of combining spacing and testing (spaced
retrieval practice) in mathematics will be reviewed along with proposed moderators.
Subsequently, the discussion will turn to the concept of complexity, its definition, importance,
and potential influence on the efficacy of spaced retrieval practice, as well as how it may interact
with different theoretical accounts. Finally, I explain how the current literature motivated my
hypotheses.

1.1 Spacing Effect and Distributed Practice

Multiple phrases are used in the literature to describe the difference in retention (i.e.,
performance on a delayed post-test) when practice is spaced over multiple sessions. The spacing
effect refers to the observed change in retention when learning is spaced over multiple sessions,

rather than massed into a single session (Delaney et al., 2010). The lag effect is the change in
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retention when two different spacing routines are compared (Kiipper-Tetzel, 2014). Distributed
practice is often used as an umbrella term for interventions that utilise the spacing or lag effects
(Benjamin & Tullis, 2010). A meta-meta-analysis by Hattie (2008) into different types of
educational interventions found spaced versus massed practice to be one of the most effective.
They found a mean effect size of d = 0.71, using two meta-analyses containing 63 studies and
5,028 participants. To illustrate what d = 0.7 means, consider a study aimed at increasing 1Q
(where the mean I1Q is 100 and standard deviation is 15). An effect size of 0.7 would correspond
to a 10.5-point increase in 1Q.

The study of the spacing effect began in parallel with the advent of experimental
psychology. Ebbinghaus (1913) memorised nonsense syllables and plotted forgetting curves,
finding that memories decay exponentially (i.e., quickly at first and then slower). Importantly,
this rate of decay slows down after subsequent recall/ retrieval (see Figure 1-1); these results
have been replicated successfully (Murre & Dros, 2015). The spacing effect has been the subject
of hundreds of experiments (Cepeda et al., 2006; Hattie, 2008), proving to be a robust effect
found across age groups, tasks, and species (Walsh et al., 2018). However, most prior
experiments on the spacing effect have investigated learning verbal material (Delaney et al.,

2010, provides a critical review).
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Figure 1-1

Forgetting Curve Showing the Change in Retrieval Strength as a Function of Time

Retrieval strength

Time

Note. Retrieval strength signifies how easily the item can be retrieved from long-term memory.
The thick vertical line represents a post-test. The dashed vertical lines signify retrieval events,
the lighter dashed lines show how the memory would have continued to decay without the
retrieval events.

Spacing effect experiments can be conducted either within a single session or across
multiple sessions (Kiipper-Tetzel, 2014). Within-session experiments look at the temporal
spacing of stimuli within a single session, whilst across-session experiments look at the spacing
of practice across multiple sessions. Within mathematics, there is little work done on within-
session spacing (exceptions being: Foster et al., 2019; Rea & Modigliani, 1985), while this is
much more common within other domains such as verbal learning (Delaney et al., 2010).

Therefore, this review will focus on across-session spacing experiments. In the most basic
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across-session spacing effect experiment (see Figure 1-2), retention on a post-test is compared
against two practice conditions: practice is either massed into one session or distributed over two
sessions. This involves two key design decisions: the inter-session interval (i.e., the time between
the initial and subsequent learning sessions) and the retrieval interval (i.e., the time from the final
learning session to the post-test). The amount and type of practice are kept constant, therefore,
subject to adequate randomisation, the only difference between the two conditions is the
temporal spacing.

Figure 1-2

Spacing and Lag Effect Experiments

Spacing effect Lag effect
Spaced condition: Shorter lag condition:
L1 —» L2 |—> PT L1 —» L2 |—> PT
Inter session Retrieval interval Inter session Retrieval interval
interval (ISI) (RI) interval (ISI) (RI)

Massed condition: s
Longer lag condition:

L1 L2 (= P’I‘ L1 —s 2 — PT
Retrieval interval Inter session Retrieval interval
(RI) interval (ISI) (RI)

Note. Diagram showing basic spacing effect and lag effect experimental designs. The spacing
effect is a special case of the lag effect where the inter-session interval is zero. A simple spacing
experiment design consisting of a massed condition where all practice is undertaken in one
session and a spaced condition where practice is split into two sessions with an inter-session
interval between the first and second learning events. Both conditions are followed by a delayed

test.
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The optimum inter-session interval is linked to the length of the required retrieval
interval. In one large-scale online study (N = 1,350), they taught participants 32 obscure facts
and varied the inter-session interval from 7 to 105 days and the retrieval interval from 7 to 350
days (Cepeda et al., 2008). It was found that the optimum inter-session interval depended on the
retrieval interval required. For example, to be able to recall a fact 35 days later they found it was
best to wait 8 days after initial learning to retrieve it, but to recall a fact 350 days later the
optimum inter-session interval was 27 days. This relationship between the inter-session and
retrieval interval has been labelled the Glenberg surface (Delaney et al., 2010). It refers
specifically to the non-monotonic relationship between the length of the inter-session and
retrieval interval: increasing the inter-session interval increases retention up to a point after
which retention begins to fall again. This means there is no one “optimum” spacing schedule, but
rather it depends on how long the learner is required to remember an item.

More complex spacing schedules are possible with more than two sessions. In this case,
key design features are the number of sessions and whether these sessions are uniformly spaced
or expanding. This was an interesting question to ask as initial short gaps boost the chance of a
successful retrieval, which strengthens the memory allowing for a greater chance of retrieval
after the next longer gap (Rea & Modigliani, 1985). Secondly, increasing the gaps should
increase the difficulty of retrieval, and more effort should result in greater gains in retrieval
strength (Bjork et al., 2011). However, a recent meta-analysis looking at spaced retrieval practice
found no significant difference between expanding and uniform designs (Latimier et al., 2021).
On the other hand, if both schedules offer equal benefits, expanding schedules are more time-
efficient because they produce the same retention gain over the same period with fewer practice

sessions.
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Alongside increased retention, spacing also improves students’ and teachers’ ability to
accurately gauge learning. For instance, when Year 7 students were asked to predict their scores
on a post-test after completing either a massed or spaced practice routine, those who engaged in
spaced practice not only achieved higher scores but also made more accurate predictions (Emeny
et al., 2021). In contrast, students who followed the massed schedule tended to be overconfident
with their predictions. Emeny et al. (2021) suggest this overconfidence may have arisen because
massed practice led to greater fluency within the session; however, this performance did not lead
to greater long-term learning.

1.2 Theories of the Spacing Effect

Despite the large body of evidence in support of the spacing effect, there is a lack of
consensus on the underlying mechanisms (Delaney et al., 2010; Dempster, 1988; Walsh et al.,
2018). Many theories aim to explain the spacing effect; however, currently no one theory, or
combination, adequately explains the phenomena (see Delaney et al. (2010) for a critical review
of within-session verbal learning spacing experiments and Kiipper-Tetzel (2014) for across-
session). The most frequently discussed theories include study-phase retrieval, contextual
variability, and deficient processing.

Study-phase retrieval suggests that the memory of a previously studied item is
strengthened by the retrieval of the original learning event (Thios & D’Agostino, 1976). The
degree to which study-phase retrieval improves retention is dependent on the difficulty of recall
(Kiipper-Tetzel, 2014). The more difficult the item is to recall - while still being successfully
retrieved - the better for future recall. This aligns with the concept of desirable difficulties, which
suggests that certain techniques (e.g., spacing, interleaving, retrieval practice) may initially

hinder performance but ultimately lead to greater long-term retention (Bjork et al., 2011).
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Evidence for this phenomenon was found by Magliero (1983) when spacing caused increased
processing effort (measured by pupil dilation) for word pair learning. When the retrieval interval
is too long, the probability of successful retrieval decreases, resulting in poorer retention for that
item according to the study-phase retrieval account. This potentially explains the non-monotonic
relationship between inter-session intervals and retrieval intervals. Additional evidence for the
study-phase retrieval comes from an experiment showing that participants could judge the
spacing between two presentations of the same word but struggled to do so with two differing
words (Hintzman et al., 1973). Further support was found by Wahlheim et al. (2014), who asked
participants to study two word lists. They found that when participants were asked to indicate
whether a word was repeated on either the current or the previous list, their future recall ability
of these repetitions was enhanced when the word appeared on the previous list compared to
when it was repeated within the same list.

Another account of the spacing effect is contextual variability (Glenberg, 1979). This
theory suggests that during the initial (and any subsequent) retrieval, contextual information is
automatically encoded alongside the learning material and that this information provides
additional access routes to aid retrieval. This additional information may be related to the
environment the learning took place in, such as the location or smells while learning or even the
learner’s current state of mind (Kiipper-Tetzel, 2014). Kiipper-Tetzel (2014) provides several
examples of studies that manipulated the variability of the context between the initial and final
retrieval and found they showed no significant increase or even led to a decrease in performance
(Dempster, 1988). An early, though notable, failure to empirically support contextual variability
was performed by Ross and Landauer (1978). In this experiment, participants learnt two lists.

One list where an item at position X in a sequence is repeated at position y, and a second list
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where two different items are positioned at x and y. The probability of recalling one of the
repeated words, during free recall, would be the same as the probability of recalling one of the
two different words. This is because they are at the same position in the list, therefore have the
same context. They did not find this to be the case, therefore considered this evidence against the
contextual variability theory. However, Lohnas et al. (2011) ran the same analyses on six
different previous free recall experimental data sets and found the relationship described above.
This provides some empirical evidence for contextual variability. They go on to link contextual
variation with the study-phase retrieval hypothesis as it would make sense that during study-
phase retrieval the original contextual information and the contextual information from
subsequent repetitions are all encoded providing additional retrieval routes.

The deficient processing account of the spacing effect suggests that the phenomenon
arises due to learners not processing the material in sufficient depth under the massed condition
(Hintzman, 1974). Early studies found that during self-paced massed practice participants spent
less time on material that was previously presented, while they spent longer on spaced items
(Shaughnessy et al., 1972). This additional exposure was found in the distributed practice
conditions but did not fully account for the gains in the distributed practice condition. More
recently, eye tracking studies have lent support to this theory, finding that when items were
distributed, they received more attentional processing than the massed items (Koval, 2019).
Furthermore, this attention was a significant mediator of the efficacy of spacing. This theory
differs from the others as it focuses on the disadvantages of massed practice more than the
advantages of spacing and therefore some have argued it is not a true spacing effect theory
(Delaney et al., 2010). Other researchers do consider it a potential mechanism for the spacing

effect but point out additional weaknesses such as its inability to explain why increasing the gap
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between spacing sessions produces a greater effect (Benjamin & Tullis, 2010). Overall, there is
evidence that deficient processing may affect the efficacy of distributed practice, however, there
is little evidence to support a claim that deficient processing is the sole mechanism for the
spacing effect.

Recently, as an offshoot of cognitive load theory literature (Sweller, 1988), Working
Memory Resource Depletion has been offered as an alternative theory to explain some forms of
the spacing effect (Chen & Kalyuga, 2019). They suggest that during massed practice working
memory resources are depleted which leads to reduced performance. While in the spaced
condition participants can rest and restore working memory resources. Importantly, they believe
this only works when the material is high in element interactivity. In cognitive load theory
literature, element interactivity is measured by estimating the number of items required to be
held in working memory simultaneously to complete a task (Chen et al., 2023). The important
distinction made by this concept is the need for all elements to be held in working memory at
once, rather than just requiring more elements to be retrieved i.e., remembering more steps
overall. When material is low in element interactivity, they do not find any working memory
depletion. Across four experiments, Chen et al. (2024), investigate how element interactivity
affects working memory resource depletion and the spacing effect. Their first experiment
establishes that material high in element interactivity (a connected passage of text) depletes
working memory resources, while low element interactivity tasks do not (disconnected
sentences). Next, they show that for low element interactivity material you can find a spacing
effect without any working memory resource depletion. These first two experiments suggest that
higher element interactivity material depletes working memory resources, which quickly recover

over a short rest, while lower element interactivity material does not. However, this effect cannot
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account for spacing effects found for low element interactivity material, which is most of the
previous findings (i.e., word pairs and lists) (Delaney et al., 2010). They suggest that for low
element interactivity material spacing allows for additional rehearsal during rest, which causes
the spacing effect.

In Chen et al. (2024)’s third and fourth experiments they changed the complexity of the
material not by altering the material itself, but by manipulating the prior knowledge of the
participants. In the third experiment the participants were adults who have never studied calculus
before, while in the fourth experiment they were sixth form students who had a solid foundation
in calculus but had not learnt the specific rule used in the experiment (the product rule). They
hypothesized that the material would be high element interactivity for the novices and low
element interactivity for the more experienced learners. They found a significant spacing and
working memory resource depletion effect for the novices, but neither effect for the more
experienced learners. These results highlight the important link between prior knowledge,
element interactivity, and the spacing effect. However, like the deficient processing account a
key weakness is their inability to explain why increasing inter-session intervals can boost the
efficacy of spacing up to a certain point before levelling off. Similarly, the rest periods in Chen
et al. (2024) are short (five minutes) if that is sufficient to restore working memory resources
then it cannot explain the relationship between inter-session intervals and performance on the
post-test. While working memory resource depletion is a possible mechanism of the spacing
effect, it cannot be the sole mechanism.

Numerous models based on the above theories have been created. One experiment
compared three computational models, each trained on fourteen previous spacing experiment

data sets with a combined sample of 2979 participants (Walsh et al., 2018). The first model,
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introduced by the authors, is the Predictive Performance Equation (PPE), which focuses on
exponential decay of memories, but adds in a function to allow prior repetitions of the item to
reduce the decay rate, which is in line with the study-phase retrieval hypothesis (Hintzman et al.,
1973). The second model, first introduced by Pavlik and Anderson (2005), was an extension of
ACT-R cognitive architecture, where repetition of a chunk in memory increases its activation,
thus making it easier to retrieve. This activation level then decays over time, to represent
forgetting. This model is mechanically similar to the PPE and can be considered another formal
model of study-phase retrieval. However, the final model, the Search of Associative Memory
(Raaijmakers, 2003), combines deficient processing and contextual variability to create a formal
model of the spacing effect. The Predictive Performance Equation and Pavlik and Anderson’s
model performed similarly in predicting the results, while the Search of Associative Memory
model performed worse. This provides some evidence for study-phase retrieval and against
deficient processing and contextual variability. Overall, there is greatest evidence for study-
phase retrieval, possibly in combination with contextual variability.
1.3 Testing Effect and Retrieval Practice

Across the experiments presented in this thesis, I do not manipulate testing versus
restudy, however as the testing effect is included in the meta-analysis it is briefly discussed here.
Retrieval practice is an intervention which harnesses the testing effect. It describes the increase
in retention when a to be learned item is actively retrieved from memory as opposed to when it is
restudied. Typical retrieval practice tasks involve an initial learning session followed by a post-
test. This initial learning session will either be a retrieval or non-retrieval-based learning task. In
a classic retrieval practice study participants read science facts initially and then either reread the

facts or practised retrieval through free recall (Roediger & Karpicke, 2006). The rereading group



Spacing and Task Complexity in Mathematics Learning 25

performed significantly better on a 5-minute delayed test; however, the results reversed on a 1-
week post-test. One large meta-analysis containing 159 studies found a medium weighted mean
effect size for the testing effect of g = 0.50 (CI [0.42, 0.58]) (Rowland, 2014), similarly recent
meta-analysis looking at the testing effect in the classroom found an effect size (g = 0.499)(Yang
etal., 2021). To illustrate what a g = 0.5 effect means, if a study which claimed to raise IQ
(where the mean is 100 and standard deviation is 15) and the control and intervention groups
both have equal variances, then a 0.5 effect size would mean a 7.5-point increase in 1Q.
1.3.1 Theories of the Testing Effect

Many theories aim to explain the testing effect (Rowland, 2014), but this section will
focus on the retrieval effort hypothesis (coupled with dual memory theory), the elaborative
retrieval hypothesis, transfer-appropriate processing, and the episodic context account. Firstly,
the theory sometimes called the retrieval effort hypothesis (also used within the explanations for
the spacing effect) suggests that the additional effort required by a more difficult, yet successful,
retrieval leads to the testing effect (Pyc & Rawson, 2009). The mechanism in which increased
effort leads to increased retrieval is expanded upon by the dual memory theory (Rickard & Pan,
2018). Mechanically, it is almost identical to study-phase retrieval (see section 1.1). Rickard &
Pan (2018)propose that initial learning is encoded in the study phase and subsequent retrieval
(with feedback) strengthens the original memory and encodes the test memory. This increases
future chances of retrieval in the test condition as the initial or test memory can be retrieved,
while in the study condition, only the initial memory can be retrieved. They suggest the
additional effort required from retrieval is due to having to encode a new test memory alongside
retrieval of the study memory. They formally modelled their theory and evaluated it against the

data sets from experiments in their lab and they extracted 114 testing effects from the literature.
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The model predicts an envelope, an upper and lower bound, they suspect will contain the
magnitude of the testing effect. This envelope captures a third of the range of logical potential
testing effects. Of the 144 testing effects, their model’s bounds overlapped with the true
magnitude of the effect (within the confidence interval) in all but five cases. This provides
quantitative evidence for this theory, though their prediction envelope is quite large.

Secondly, the elaborative retrieval hypothesis suggests that the benefit of testing comes
from the activation of the target alongside other memories creating an elaborative semantic
network increasing the number of pathways that future retrievals can access (Carpenter, 2009).
In one experiment, participants learnt word pairs. These pairings were either strongly associated
(Toast - Bread) or weakly associated (Basket - Bread), Carpenter ( 2009)hypothesised that if
elaborative retrieval was the mechanism which underlies the testing effect, then items with weak
associations will be harder to recall initially, but they will create stronger elaborative routes
making final recall better than items with strong associations. They found significant results to
support this hypothesis.

Thirdly, transfer-appropriate processing, suggests that retention on the final test benefits
from the amount of overlap a retrieval event has with the final test (Blaxton, 1989; Motris et al.,
1977). However, an experiment designed to evaluate transfer-appropriate processing against the
elaborative retrieval hypothesis found little evidence for transfer-appropriate processing
(Carpenter & DeLosh, 2006). In this experiment participants were asked to recall a list of words
and the type of retrieval in the training and final test conditions were either the same or were
mismatched (i.e., free recall during training then free recall in the final test or multiple choice

then free recall). This suggests that similarity of the type of test during retrieval does not reflect
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the retention on a post-test of the same or different type, while transfer-appropriate processing
would predict that to be the case.

Finally, I will consider the episodic context account. Karpicke et al. (2014) outline four
assumptions used to create the episodic context account: Firstly, people encode information
about the item’s temporal context during encoding. Secondly, using any potential cues
participants reconstruct the past episodic memory. Thirdly, each retrieval updates the prior
representation in long-term memory. Finally, this updated representation allows the subject to
limit their search of cues to only the most useful ones. The benefit of testing comes from the
updated representation limiting the search to only the features that will help future recall.
Support for the episodic context account can be found when participants are asked to make
judgements about when they initially studied an item (Whiffen & Karpicke, 2017). In the
experiment participants learnt a list of words, then either restudied them or were asked to make a
judgement about when they studied the word. The authors hypothesised that making the
judgement would cause participants to retrieve the original context of when they studied the
word. On a subsequent a free recall task, participants who made the temporal judgements on the
words performed significantly better. This supports the episodic context account.

1.4 Spaced Retrieval Practice

Rather than discussing mathematics learning within the spacing or testing literature in
isolation, it may be better to consider them both here as it is often difficult to be sure whether
students were required to retrieve the information, or not, during practice. Furthermore, there is
evidence that spaced retrieval can greatly increase learning. One recent meta-analysis found a
large overall mean effect size (g = 1.01, 95% CI [0.68, 1.34]), which when corrected for bias

within the literature was still notable (g = 0.74, 95% CI [0.55, 0.91]) (Latimier et al., 2021). This
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section will first briefly cover how experiments of the testing effect with mathematical content
can be designed. Then I will discuss potential pitfalls surrounding retrieval in experiments with
mathematical content and what typical tasks for spaced retrieval practice look like in the domain
of mathematics learning. Finally, this section will finish with a review of potential moderators of
spaced retrieval practice.
1.4.1 Typical Tasks in Mathematics Spaced Practice Experiments

The literature which underpins this project falls broadly into three categories, pure
spacing, pure retrieval practice, and spaced retrieval practice. Firstly, it is important to highlight
a major difference between other domains and Mathematics. It is much more common to see
across-session designs (Kiipper-Tetzel, 2014). Across-session spacing (and spaced retrieval)
experiments typically either focus on applying spacing and retrieval to one or two procedures
and vary the inter-session interval and retrieval interval (Rohrer & Pashler, 2007; Rohrer &
Taylor, 2006), or they apply the techniques to a cohort in a course, where the retrieval interval
may differ for items presented at the start of the course and those at the end (Bego et al., 2017;
Crissinger, 2015; Lyle et al., 2020). While lacking ecological validity, the isolated inter-session
interval or retrieval interval experiments provide a purer measurement of the spacing effect than
within course experiments. This is because as rearranging the material during the course
inevitably leads to interleaving effects as well. Previous studies have attempted to isolate the
spacing effect and interleaving effect. This is important as while all interleaving is subject to
spacing, there is also an additional benefit to participants’ ability to discriminate between
problems (Chen & Kalyuga, 2021).

Early studies showed the important relationship between retrieval interval and inter-

session interval and that the benefits of spacing are typically observed over longer periods of
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time and can often be detrimental to immediate performance. For example, participants either
massed ten combinatorics problems in one session or spaced them across two sessions with an
inter-session interval of one week (Rohrer & Taylor, 2006). After one week, when tested, there
was no significant effect of spacing, but there was a large effect when tested four weeks later.
However, in a similar experiment, one week was sufficient to see a large spacing effect (Rohrer
& Pashler, 2007).

A second type of experimental design incorporates spaced retrieval practice into courses
through cumulative testing. A common example would be to take a course currently running
over a semester in a university and add weekly tests. For example, in Hopkins et al. (2016) the
massed condition contained novel questions about that week’s topic, while in the spaced
condition there are typically some novel questions from the current topic, but the test will also
consist of topics previously covered within the course. One reason this is good is that it is
ecologically valid and easy to apply. On the other hand, it is more difficult to measure the
specific effect of spacing on specific topics as items nearer the beginning may have a larger
retrieval interval than those presented later. Furthermore, it is not possible to space materials
learnt just before the exam. However, some have attempted to solve this problem by excluding
topics learnt near the end of the course from their analyses (Hopkins et al., 2016; Lyle et al.,
2020). Another potentially confounding factor is that simpler concepts presented at the start of
the course may be used as building blocks for the later topics, which would mean these concepts
get additional testing. Additionally, within this type of experimental design it is often difficult to
see exactly how the individual items are spaced and how specifically they report the schedule

varies from paper to paper. For example, some are vague where they say they change five to ten



Spacing and Task Complexity in Mathematics Learning 30

percent of any homework assignment between the standard all novel homework versus the
cumulative condition (Beagley & Capaldi, 2020).
1.4.2 Moderators of the Efficacy of Spaced Retrieval Practice

Other than the inter-session interval and retrieval interval mentioned earlier other factors
are thought to modulate the efficacy of spaced retrieval. Individual differences may play a part in
the efficacy of the spacing effect and learners’ ability to implement a distributed practice routine.
When students signed up for optional additional practice sessions for statistics, those in the
distributed practice condition had a much higher rate of attrition than those on the massed
practice schedule (Barzagar Nazari & Ebersbach, 2019). Barzagar Nazari and Ebersbach,
(2019)also found that female students had a significantly higher chance of completing the
practice sessions. However, that analysis was performed exploratorily, and additional
confirmatory work is required to evidence their claims. As this was optional extra practice, this
could have affected their study in two directions. First, they may have biassed their work towards
those who want to work hard and have high conscientiousness. However, they may have also
biassed the sample in the other direction, perhaps those who understood it all well didn’t think
they needed more practice, or parental pressure to sign up may have meant that only those who
were already struggling in mathematics signed up. Complexity has previously been looked at in
spacing and testing effect literature. A previous meta-analysis coded studies by overall
complexity which “was defined by the degree to which the task requires a number of distinct
behaviours, the number of choices involved in the performance of the task, and the degree of
uncertainty involved in performance of the task” (Donovan & Radosevich, 1999). Donovan and
Radosevich (1999)found that overall complexity of the material was correlated with lower effect

sizes.
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1.5 Complexity in Mathematics

I chose to investigate task complexity as a moderator and potential boundary condition of
the spacing effect for three reasons. Firstly, Donovan and Radosevich (1999) found that it was a
significant moderator of the spacing effect in their meta-analysis. Secondly, the initial literature
review did not find any studies that systematically investigate complexity and spacing, though
Chen et al. (2024) was published during my PhD. And finally, if complexity is a mediating
factor, then it may be easy to adjust algorithms or individualised learning systems that employ a
spaced retrieval schedule, allowing the results of any research to have an immediate positive
impact. Alternatively, if spacing is robust to changes in complexity then that provides further
evidence to suggest its use in schools and across edtech platforms.
1.5.1 Defining Complexity

In the mathematics learning domain task complexity is often defined procedurally or
conceptually (Crooks & Alibali, 2014). Previous reviews of the literature surrounding task
complexity of mathematics material suggest that experiments that claim to measure conceptual
complexity are often ill defined, finding that only 35% of the studies actually defined conceptual
knowledge (Crooks & Alibali, 2014). Due to the lack of consensus on defining and
operationalising conceptual complexity this project will initially focus on procedural complexity.
While higher-level conceptual knowledge is important, basic procedural facts are still vital for
students to gain proficiency in. For example, being able to quickly retrieve a procedure or basic
fact is useful when solving more complex problems (Roediger & Pyc, 2012). Additionally, a
procedure can be taught in isolation, while conceptual knowledge, which requires links between
topics, cannot (Hiebert & Lefevre, 1986). This enables the selection of material, which requires

few prerequisites and is novel to the participants, which is useful experimentally. Within
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mathematics education, procedural knowledge is thought of as the knowledge of the steps of how
to solve a particular problem. It is commonly measured by tracking participants’ accuracy on
problem solving tasks (Crooks & Alibali, 2014). Others further refine procedural knowledge in
mathematics by separating out knowledge of the form, the formal language and symbols used to
communicate mathematics, from knowledge of the rules, procedures, and algorithms to solve
specific tasks (Hiebert & Lefevre, 1986). This is a useful distinction as it is important to ensure
that the form of the mathematics does not impede participants ability to learn and retrieve the

G"”

rule. For example, one spacing experiment left out the factorial symbol “!” when teaching
participants a procedure (Rohrer & Pashler, 2007). This is an example of prioritising the
algorithm required to solve the specific problem, while reducing the complexity of the form the
problem is presented in.

In chapter 4 of this thesis, I switch from procedural complexity to element interactivity as
the measurement of task complexity. Element interactivity was defined previously when
discussing Working Memory Resource Depletion in the theories of the spacing effect section.
1.5.2 Complexity and Spacing

Several theories of the spacing effect may be affected by task complexity. The study-
phase retrieval account, for example, could predict the effects of spacing would increase,
decrease, or disappear entirely, depending on the experimental design. To illustrate this, imagine
a hypothetical experiment where low or high complexity material is either spaced or massed. If
the spacing condition were equal across complexity conditions, the experimenter could choose to
either optimise the spacing of the low or high complexity material. The “optimal” inter-session

intervals for low complexity material would mean the material was retrieved just before they

were forgotten (Cepeda et al., 2006), as this would require the most effort to retrieve them while
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still successful resulting in the biggest boost to retrieval strength (Bjork et al., 2011). Assuming
that more complex material is more difficult to retrieve given an equivalent amount of practice,
then this inter-session interval would be sub-optimal for the more complex material, as many
participants would not successfully retrieve the prior learning event, and participants would
perform worse on a post-test. If instead the experiment was designed to optimise the spacing of
the more complex material, then the lower complexity material would be retrieved more easily,
requiring less effort, and therefore reducing the spacing effect.

It is difficult to predict whether contextual variability would be affected by the
complexity of the material, as this theory relies on picking up contextual information around the
learning session to provide future paths for retrieval. Perhaps if maximum attention is required to
learn an item, then there is less opportunity to pick up other contextual cues.

The deficient processing theory may predict that low complexity material would be
glanced over and not given sufficient processing therefore weakening the effect of spacing.
Alternatively, more complex material may have sufficient time to be processed in the massed
condition, but insufficient time to process in the spaced condition. This would predict that the
relationship between complexity and spacing would be highly dependent on the scheduling
conditions. If complexity reduces the efficacy of the spacing effect, then subsequent experiments
could aim to find ways around this. If the spacing effect relies on successful retrieval, complexity
may reduce the efficacy of spacing by reducing the chance of successful retrieval. In this case,
shorter inter-session intervals may improve retention, as this will decrease the difficulty of

retrieval.
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1.6 Current Project

This literature review defined spacing and retrieval and looked at the factors that
moderate the efficacy of spaced retrieval practice. Complexity appears to be an important
moderators indicated in past meta-analyses (Donovan & Radosevich, 1999). Further, there is a
lack of studies that systematically investigate complexity, and more research could be used to
improve current spaced repetition algorithms. Therefore, this project will look at the following
research questions: Does spaced retrieval practice work for mathematics learning? This question
will be addressed through the meta-analysis in chapter 2. Does the procedural complexity of the
material affect the efficacy of spaced retrieval practice? This question will be addressed through
the first two experiments in chapter 3. Does element interactivity affect the efficacy of spaced

practice? This question will be addressed in chapter 4.
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2 A Meta-analytic Review of the Effectiveness of Spacing and Retrieval Practice for

Mathematics Learning
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Abstract

Spaced retrieval practice harnesses two well-studied phenomena: the spacing effect,
where spacing out practice over several sessions leads to a gain in retention compared to massed
practice in one session; and the testing effect, where material that is tested is better retained than
material that is restudied. This meta-analysis investigates if, and under what circumstances,
spaced and retrieval practice can benefit mathematics learning. We found a robust small to
medium effect of spaced versus massed practice overall (g = 0.28, 27 studies, 53 effect sizes).
Those studies can be split into two subsets based on their experimental design, where material
was either taught in isolation (10 studies, 27 effect sizes) or as part of a course (17 studies, 26
effect sizes). We found a larger, yet less robust, effect for the isolated learning (g = 0.43) than for
course-embedded (g = 0.24). Our search also revealed 7 studies, 32 effect sizes, which
manipulated testing versus restudy. The weighted mean effect of testing versus restudy was g =
0.18. However, the 95% confidence interval crossed zero, suggesting the testing effect is not
robust. Overall, our results suggest that spaced practice can improve mathematics learning for
material in isolation and within a course. However, the effect may be smaller than in other
domains. Additionally, the current literature does not provide conclusive evidence for a
consistent effect of retrieval practice for mathematics learning, possibly due to the smaller
number of studies available.

Keywords: Spacing effect, Distributed practice, Testing effect, Retrieval practice,

Mathematics
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A Meta-analytic Review of the Effectiveness of Spacing and Retrieval Practice for
Mathematics Learning.

Many decisions go into the design of a program of learning. What to learn and how to
learn it are thought about in painstaking detail to maximise the chances of success for the
learners. A critical question to ask when designing a learning program is when should revision of
prior material take place? Precisely when a session takes place during a day is often out of the
hands of instructional designers and up to timetablers, but once time has been allotted there is
often freedom to choose what specific questions to ask and when. When an instructor decides
which questions to ask during the start of a lesson, during the main tasks or as homework, it is
here that there is the opportunity to improve learning through the use of retrieval practice and
spaced repetition. There has been increased interest in harnessing retrieval practice, actively
retrieving information rather than restudying it, and spaced practice, spreading out practice over
multiple sessions rather than a single session, to improve mathematics learning, both in research
and in applied settings. Given this recent spike in interest, it is valuable to synthesize the current
research and see if these techniques are as effective for mathematics learning as they are in other
domains. The goal of this meta-analysis is to review and synthesise the current literature
surrounding the spacing and testing effect in mathematics learning.

2.1.1 Opverview of Research on Spaced Practice

The spacing effect is a special case of the distributed practice effect, where the temporal
spacing of practice or presentations of stimuli are varied and a change in retention is observed
(Delaney et al., 2010). The spacing effect is found within session, by varying the time between
presentations of stimuli and across session, by varying the times between practice sessions

(Kiipper-Tetzel, 2014). All the spacing effect studies included in this meta-analysis are across-
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session studies, so we will define the spacing effect as the change in retention when an
equivalent amount of practice is spread over multiple sessions versus a single massed session
(see Figure 2-1). Broad ranging meta-analyses across all domains found medium to large effects
of spacing versus massed practice (g = 0.46, Donovan & Radosevich, 1999), with some more
specific ones such as the domain of L2 Language learning finding larger effects (g = 0.80, with a
delayed post-test, Kim & Webb, 2022). The effect has been observed across many different
domains, age groups and even species (Delaney et al., 2010).

Many theories have been proposed to describe the mechanisms underlying the spacing
effect (Delaney et al., 2010; Kiipper-Tetzel, 2014; Maddox, 2016; for reviews, see Toppino &
Gerbier, 2014). The three most discussed theories are study-phase retrieval, deficient processing,
encoding variability, or combinations of those three (Toppino and Gerbier, 2014). Study-phase
retrieval suggests that successful recall of the initial presentation of the to be recalled item results
in a boost to future recall (Hintzman, 2004; Thios & D’Agostino, 1976). Deficient processing
suggests that repeated presentations of an item in the massed condition leads to lower overall
processing, when compared to items spaced out over time, which in turn leads to a lower quality
of learning overall (Hintzman, 1974). Encoding variability theories suggest that over time the
context around an item drifts and is encoded when presented to the participant, when
presentations of the item are spaced out then this increases the probability of the retrieval context
being more similar to one of the spaced encoding contexts relative to two the massed encoding
presentations (Glenberg, 1979). These theories and reviews informed our choice of moderators
(see supplementary material), along with discussions of relevant moderators in recent studies and
reviews (Emeny et al., 2021; Latimier et al., 2021). However, as our moderation analyses are

unable to help distinguish between these theories we do not go into further detail.
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Figure 2-1

Simple Spacing Effect Task
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Note. A diagram outlining the overall procedure of a hypothetical spaced vs massed learning
experiment. L = Learning session, PT = Post-test.

Within mathematics learning, spacing effect studies follow one of two experimental
designs based on how the material is integrated into the larger educational environment: isolated
learning versus material incorporated into a course. Some studies that use mathematics material
require learners to practice isolated learning outside of the confines of a course. In these cases,
the participants are taught a set number of mathematical procedures or are given practice solving
problems in such a way that there is a clear inter-session interval and retrieval interval (Rohrer &
Pashler, 2007; Rohrer & Taylor, 2006) and follow a similar experimental design to previous
verbal learning studies (see Figure 2-1).

Another common structure for these studies is to embed the spacing schedule into a
course already taking place. Suppose there are five learning objectives and six questions for each
objective (see Figure 2-2). There are various ways in which these practice questions can be

presented to learners. One way is to present them in a massed manner where after learning about
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the topic the learners are presented with all available questions on that topic. This is how most
mathematics textbooks are laid out (Rohrer et al., 2020), with few notable exceptions (Hake,
2012). On the other hand, they could be presented uniformly spaced across multiple sessions (see
Figure 2-2, spaced condition type 1). Examples of this type include Lyle et al. (2020) and
Hopkins et al. (2016). Alternatively, it is possible to start with more practice examples in the first
instance and reduce the number of items in subsequent practice sessions; this type of spacing was
used by (Holdan, 1986) (see Figure 2-2, spacing condition type 2). Others allow for variations in
the exact spacing and amount of practice by implementing a formula for teachers to use (Hirsch
et al., 1982). However, these course-embedded studies provide a less pure measure of spacing as
interleaving, mixing practice of different topics and skills, is also involved.

Figure 2-2

Experimental Design for Course-embedded Spacing Study

Cumulative experiment
Massed condition:

AAAAAA —»| BBBBBB —¥ CCCCCC —» DDDDDD —#| EEEEEE [—' | PT

Spaced condition (Type 1):

AA — BBAA —» AABBCC —P BBCCDD —#| CCDDEE —- 4| PT

Spaced condition (Type 2):

AAA —» BBBAA —P| CCCBBA —# DDDCCB —#| EEEDDC r—-#{ PT

Note. A diagram outlining potential procedures for course-embedded spacing experiments.
It has been noted that increased contextual interference or interleaving, that is, shuffling
the order of practice problems from tasks to increase the variability of practice, can lead to

greater retention and transfer of skills versus blocked practice (Shea & Morgan, 1979). We do
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not include studies that purely investigated blocked versus interleaved practice. However, we did
not exclude distributed practice studies which, due to overlapping practice schedules, interleaved
practice material. In the included studies, the manipulation focused on the practice schedule of
each item not carefully manipulating interleaving versus blocked practice throughout. We
believed it was important to include these studies as this is likely how spacing would be
implemented in a classroom. Previous mathematics learning interleaving experiments comparing
interleaved with blocked practice have shown that alongside the benefit of spacing there is an
additional benefit of discriminative contrast (Foster et al., 2019). A meta-analysis found a small
to medium effect (g = 0.34) of interleaved versus blocked practice for mathematics learning
materials (Brunmair & Richter, 2019). In an educational setting where the aim is to maximise
learning with considerable time constraints, this is the way spacing would be implemented with
old material intermixed with the new. Therefore, even though there is an effect of interleaving,
experiments that follow this kind of structure were included, as all the studies claimed to be
harnessing the spacing effect. As this is likely to be how spacing would be implemented in an
actual educational setting, these studies bring increased ecological validity.
2.1.2 Overview of Research on Retrieval Practice

The testing effect, or retrieval practice, is a boost in retention to material that has to be
retrieved from memory compared to material that is restudied. Retrieval practice has been shown
to be a powerful way to improve retention (Roediger & Butler, 2011), but there has been little
research into its efficacy with mathematics. Multiple previous meta-analyses have investigated
the testing effect in other domains. Rowland (2014) (g = 0.50, 95% CI [0.42, 0.58]), Adesope et
al. (2017) (g=0.61) and Yang et al. (2021) (g = 0.50, 95% CI [0.442, 0.557]) all found a

medium to large boost to retention when retrieval practice was used. Yang et al. (2021) included
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27 effect sizes from 14 studies that pertained to mathematics or statistics material, however, of
those, only two studies compared testing to restudying and were included in our sample (Betsch
et al., 2015; Dirkx et al., 2014). The other control conditions included in Yang et al. (2021)
included more versus fewer questions, elaborative strategies, or no activity (just a distractor task
after the initial study session), which were outside the scope of our pre-registration. There is also
meta-analytic evidence that retrieval practice can enable transfer in a variety of contexts such as
different test formats and problem types (Pan & Rickard, 2018), but perhaps not to untested
information studied during the initial practice. However, there has been no meta-analysis that
focused specifically on retrieval practice in mathematics versus restudy.

It is not immediately apparent what restudy would look like in mathematics, in
comparison to verbal learning studies where a word pair could be presented again. Indeed, later
in this meta-analysis we discuss the difficulty in understanding precisely how much students had
to retrieve information, and when the students were able to fall back on their notes. One way to
manipulate retrieval versus restudy in mathematics is to compare completing practice where
retrieval is necessary to worked example problem pairs (Fazio, 2018). Worked examples can be
effective learning procedures as they allow learners to focus on the task at hand without the need
to hold all parts of the problem in working memory at once (Sweller, 2006). For example, Fazio
(2018) compared retrieval practice with worked example problem pairs. In the retrieval condition
the participants were tested on the procedure, but in the worked example condition they were
presented with a worked example they could follow along with, so they may not have had to
retrieve the procedure. Fazio (2018) found that worked examples increased performance on an
immediate test, but the retrieval condition produced greater retention on a delayed test.

Alternatively, Dirkx et al. (2014) compared reading a text on how to calculate a probability,
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versus alternating between reading and testing. They found that reading and testing led to both
better fact recall and a better ability to apply the procedure.

Furthermore, spacing and testing are often combined into spaced retrieval practice.
Latimier et al. (2021)’s previous meta-analysis suggested that the effect of spacing and testing is
additive and is typically a large effect (g =1.01, 95% CI[0.68, 1.34]).

2.1.3 The Present Meta-analysis

This meta-analysis focuses on studies that involve the learning of mathematics. We
attempted to answer three key questions. First, does the spacing of mathematics practice lead to
higher retention (versus massed)? Second, does retrieval practice of mathematics lead to higher
retention (versus restudy)? Third, we planned to investigate whether the combination of spacing
and retrieval lead to higher retention of mathematics knowledge (versus massed retrieval),
however, this was not possible with the available studies. Additionally, we investigated whether
any of the potential moderating variables (such as the length of the retrieval interval or type of
material being studied) have any effect on the heterogeneity or mean effect sizes, however, as
these exploratory analyses provided little additional information they are included only in the
supplementary material.

Based on previous meta-analyses of spacing and retrieval practice with non-mathematical
material we hypothesized that we would find a robust effect of testing and spacing for
mathematics material and that the combination of spacing and retrieval would be additive.

2.2 Method
2.2.1 Selection Criteria
A librarian, with subject area expertise, was consulted to develop the Boolean search

queries, as suggested in recent meta-analysis recommendations (Hansen et al., 2022; Steel et al.,
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2021). We first looked for any material related to distributed or retrieval practice (using a variety
of terms) and then narrowed that down to only studies that mentioned mathematics. The exact
query for each database has been made available to increase reproducibility in the supplementary
material. At this stage, any article that mentioned the use of an intervention for mathematics
education based on the spacing effect or retrieval effect was included. The database search was
undertaken on the 11th of January 2023 and then updated after initial manuscript review on 25th
of February 2025.

There are several papers that were excluded during the screening phase, that at first
glance may have seemed applicable. We excluded three papers that used explicit timing designs
to incorporate distributed practice because of their outcome measure: digits correct per minute
(DCPM) (Bullard, 2020; Powell, 2022; Schutte et al., 2015). Digits correct per minute (a
measure of fluency), did not seem comparable to a mean percentage score on a post-test (a
measure of retention) which was the outcome specified in our pre-registration
(https://osf.io/qtfcu/). An additional three papers were excluded where the mean percentage
score, standard deviation or number of participants wasn’t provided and we were thus unable to
extract them (Rea & Modigliani, 1985; Reed, 1924; Yazdani & Zebrowski, 2006), in each case

we were not able to contact the authors.
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2.2.2 Data Collection

Figure 2-3
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Note. Diagram outlining how many papers were identified and from where and how they came to

be included or excluded in the final sample of 34 papers.

Alongside the database search a request for information was posted in the Mathematical

Cognition and Learning Society mailing list but generated no replies. Additionally, authors

included after full screening were asked via email whether they had any unreported data, to

combat the file drawer problem (Rosenthal, 1979). Excluding those authors for whom no email

was available, all but three authors responded to this question, however, no one reported any

unpublished data.
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After searching the databases, the title and abstract screening phase and full text reviews
took place on Covidence Systematic Review Software (2023), this information is presented in the
form of a PRISMA flowchart (see Figure 2-3). Two screeners then screened ten percent of titles
and abstracts (n = 88) to make sure that the inclusion and exclusion criteria (see Table 2-1) were
being applied reliably and worked (88.6% inter-screener agreement rate). The inclusion and
exclusion criteria were informed by the PICOS framework (see Appendix). One screener then
screened the remainder. Texts were then sent to full text review. Two screeners fully screened 10
of the papers (100% inter-screener agreement rate) before the remainder were screened by a
single screener. The information required to estimate mean effect sizes, moderation and quality
analyses was then extracted into an excel file containing the extraction table. During the
extraction phase, the extraction table was evaluated by having two researchers extract the same
five randomly selected papers, then meet up to discuss any discrepancies between the two sheets.
This led to our terminology being clarified and we edited the extraction sheet to better fit the
format of the studies being captured. A further three papers were extracted as a pair to check the
updated extraction sheet was appropriate. Then a single screener extracted the remainder of the
papers. The full data extraction sheet is available in the OSF repository (https://osf.io/qtfcu/).
After the initial extraction nineteen authors were contacted regarding missing information. Nine
replied (47%). Only one paper was unable to be included as critical information related to the
calculation of effect sizes was unavailable and no reply was received. For six of the papers
published before 2000, no current contact information for the researcher was found, but this did

not prevent their inclusion.
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Table 2-1

Inclusion and exclusion criteria

Inclusion Exclusion

The sample use either spaced repetition or
Non-experimental designs
retrieval practice (or both)

Participants required to learn mathematics

Clinical populations
material

Effect size based solely on the mathematics
Performance measured on a post-test
material unable to be extracted

English abstract

Note. These inclusion and exclusion criteria were visible to screeners during all phases of data
collection.
2.2.3 Computation of Effect Sizes

In all the studies included in this meta-analysis the recorded effect compares the
difference in performance on a post-test between two groups. In the first analysis we have
included the studies comparing spaced versus massed practice and in the second the studies
which compared testing versus restudying.

The escalc function in the R module metafor (Viechtbauer, 2010) was used to calculate
Hedges (1981)’s g for each extracted effect. As most studies did not report the correlation for

within-subject effects r = .5 was used to compute the pooled standard error as used in previous
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spacing and retrieval meta-analyses (Latimier et al., 2021; Rowland, 2014). For between and
within participant effects the d was calculated as follows:
(1) d=(my—my)/S

with the pooled standard deviation S for between subject effects calculated as:

@ s= (ny — 1)sd? + (n, — 1)sd5
ng+n, —2

Where n,; and n, are the number of participants in the first and second group, m; and m,
are the observed means the first and second group and sd; and sd, are the observed standard
deviations of the first and second group. The sample variance for between subjects was
calculated using the following formula (Hedges, 1981):

ny +ny d?

3) V=
3 ng*ny  2(ng +ny)

and the standard error, SE = \/V.
For within participant effects the pooled standard deviation S was using raw score

standardization (4). The variance for within-subject effects was calculated as follows (Becker,

1988; Viechtbauer, 2010) (5).

sd? + sd? A-1) g
4 S=|—2 (B v=—"__
2 2n

Then for each subset of studies the overall weighted mean effect size was calculated
using the metafor and clubSandwich modules in R. Using the guidelines provided by
Pustejovsky and Tipton (2022) we chose to perform a Robust Variance estimation with
correlated and hierarchical effects (CHE). We chose this method as many of the studies

contribute multiple effect sizes but also often aim to find boundary conditions for the spacing or
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testing effect therefore within-study heterogeneity is expected. Using this method allows us to
account for the correlation between effects from the same experiment and the hierarchical
structure resulting from experiments reporting multiple effects. Heterogeneity is a measure of
how different the effects are from one another, if there is a true effect with little variance then
you would predict little heterogeneity.

Due to the small sample size, the Q statistic would not have been an appropriate measure
of heterogeneity (Gavaghan et al., 2000). Instead, we calculated I? using the dmetar package
(Harrer et al., 2019), which uses the formula outlined in Cheung (2014) to calculate I? for each
level of the hierarchical meta-analysis. In some cases, the initial analyses suggested there was
very little heterogeneity, however visual inspection of the forest plots suggested this was
unlikely. As I? can still be highly uncertain for between-study heterogeneity when sample size is
small (Chung et al., 2013), confidence intervals were calculated to measure this uncertainty
(Viechtbauer, 2017).

2.2.4 Risk of Bias

To check for the risk of publication bias we performed Egger’s regression tests (Egger et
al., 1997) on univariate versions of the meta-analyses. We also provide a corresponding funnel
plot for each analysis. Additionally, we coded each source with quality indicators. The coding
sheet was a modified version of Hjetland et al. (2020)’s coding sheet. We coded each extracted
effect for sampling procedure used (0 - random, 1 - convenience), whether the test reliability was
reported (0 - reported, 1 - not reported), if there were any floor or ceiling effects present (0 - not
present, 1 - present), how missing data was dealt with (0 - better than list-wise deletion, 1 - list
wise deletion), statistical power/sample size (0 - [N > 150], 1 - [70 <N <150], 2 - [N < 70]

participants), whether attrition was reported (0 - reported, 1 - unreported). The scores were
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summed, and the overall quality score was used as a moderator to see if it accounted for a
significant amount of heterogeneity.

Outliers were checked using the metafor R package (Viechtbauer, 2010) to calculate the
Cook’s distance and difference in fit (DFFITS) values. The difference in fit value shows how
many standard deviations the calculated mean effect size changes when a particular study is
removed (Viechtbauer & Cheung, 2010).

2.2.5 Potential Moderators

Due to small sample sizes and overly prevalent categories, we diverted from our
preregistered method of coding multivariate moderators to, whenever possible, uni-variate form.
This was because when the adjusted degrees of freedom (Satterthwaite, 1946) are below four, the
moderator analyses tend to over-reject and are therefore unreliable (Tipton, 2015). For example,
Latimier et al. (2021) also changed from multivariate to univariate due to small sample sizes. In
the extraction sheet we have left the original multivariate categories, and the coding process is
explained in full in the pre-registration. Despite this change none of the results were significant.
As our moderating analyses were exploratory, we do not include them in this manuscript and
instead they are available as a supplementary analysis.

2.3 Results

This meta-analysis considers 34 studies with a total of 85 effect sizes. During the search
and data collection processes it became clear that there were different ways that studies involving
spacing could be broken down into subsets (isolated learning vs embedded into a course). We
begin with an overview of all spacing studies before running further analyses on these two

subsets. We then analyse retrieval studies that do not manipulate spacing.
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2.3.1 Spacing Effect in Mathematics Learning

Our first pre-registered analysis tested the effect of spaced versus massed practice in
mathematics learning. The systematic review revealed 27 studies with 53 effect sizes. We found
a weighted mean effect of g = 0.282 (se = 0.045) (95% confidence interval [0.188, 0.376]).
However, upon further review it became clear that this analysis consisted of two different
experimental designs. We first review studies that focus on learning a single, or small number of,
mathematical skill(s) in isolation where all items have the same retrieval interval. We will refer
to these studies as isolated learning studies. In contrast, we then review studies that involve
spaced versus massed practice integrated into a course. We will refer to these studies as course-
embedded studies. In course-embedded studies material covered at the beginning of the course
has a longer retrieval interval than material covered at the end of the course and simpler material
may also be incorporated into more complex material further along the course. Running a
categorical meta-regression between isolated learning studies and course-embedded studies
found that the effects were larger on average for isolated learning than course-embedded studies
(see below), although they do not differ significantly (f = 0.188, SE = 0.106, p = .0952).
However, as we believe they are fundamentally measuring different effects, a pure measure of
spaced practice (isolated learning) versus spaced and interleaved practice (learning embedded in
a course), we ran all further analyses separately for the two subsets.
2.3.2 Spacing Effect in Mathematics Learning - Isolated Learning

This subset consists of 10 studies with 27 effect sizes. Several studies focused on learning
a simple combinatorial procedure (Ebersbach & Barzagar Nazari, 2020b; Emeny et al., 2021;

Rohrer & Pashler, 2007; Rohrer & Taylor, 2006). Other areas of mathematics studied include
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arithmetic (Barzagar Nazari & Ebersbach, 2019; Chen et al., 2018), algebra (Chen et al., 2018;
Gay, 1973) and statistics (Ebersbach & Barzagar Nazari, 2020a).

All the isolated learning studies were peer-reviewed articles. For the country moderator
most of the studies were sampled from the USA, with others from Germany (Barzagar Nazari &
Ebersbach, 2019; Betsch et al., 2015; Ebersbach & Barzagar Nazari, 2020a), the UK (Emeny et
al., 2021) and China (Chen et al., 2018). Many of observed effects took place in a pre-university
setting, for example, Emeny et al. (2021) in a secondary school and Chen et al. (2018) in a
primary school. The mean age of participants ranged from 9.23 years (Chen et al., 2018) to 24.42
years (Ebersbach & Barzagar Nazari, 2020a).

The only study to use a within-subject design was Emeny et al. (2021). Retrieval intervals
ranged from a single day (Chen et al., 2018) to six weeks (Barzagar Nazari & Ebersbach, 2019).
The most common retrieval interval was one week. Inter-session intervals ranged from a single
day (Chen et al., 2018) to two weeks (Gay, 1973). The most common inter-session interval was
one day. Over half of the measured effects (61%) provided corrective feedback, the remainder
provided no feedback. Under half of the studies had the first retrieval session immediately after
the first-time participants learned the item, while the remainder had a delay. Each study had
either two or three sessions in total. Mean performance at the first time point was on average
61% across all observations but ranged from 30% (Ebersbach & Barzagar Nazari, 2020a) to 95%
(Rohrer & Pashler, 2007). The number of items (procedures, facts) participants had to learn,
where reported, ranged from one to eight. The number of times the learning objective was
exposed to participants ranged from three times to twelve (Emeny et al., 2021).

Overall Effect Size. The overall weighted mean effect size of spaced versus massed

practice for isolated learning is g = 0.427 (se = 0.107) (95% confidence interval [0.179, 0.675])
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(see Figure 2-4). The hierarchical structure of the meta-analyses can allow us to see how much
variance was associated with each level of the hierarchy. Firstly, I? = 24% of the variance was
associated with the first level (sampling error), I? = 33% was associated with the second level
(within study heterogeneity) (95% confidence interval [1.456, 82.675]) and I? = 43.287%
associated with the third level (between-study heterogeneity) (95% confidence interval 0,
88.234]).

When the Cook’s distances for each effect were calculated none were greater than 0.5,
suggesting that no single study was likely to be highly influential. In contrast, the difference in fit
analysis shows that there are two dominant studies whose removal shifts the mean effect size by
over half a standard deviation. Those studies are, firstly, Ebersbach and Barzagar Nazari (2020a)
(DFFITS = -0.708), which changes the mean effect size to g = 0.499 (se = 0.097) (95%
confidence interval [0.268, 0.731]) and, secondly, Gay (1973) (DFFITS = 0.638) whose
exclusion changes the mean effect size to g = 0.368 (se = 0.096) (95% confidence interval [0.14,
0.596]). Critically, 95% confidence intervals remain greater than zero when either of these

studies are removed, demonstrating the robustness of the effect.
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Figure 2-4
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Note. A forest plot displaying the weighted mean effect sizes for each effect in the subset. The
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size of the square is proportional to the sample size; the error bars represent the 95% confidence
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interval. The diamond at the bottom represents the overall weighted mean effect size before and
after the small sample adjustment.

Risk of Bias. An insignificant Egger’s regression test for funnel plot asymmetry (¢ =
1.033, d.f. =25, p = 0.312) does not suggest publication bias resulting from non-significant
results remaining unpublished. In contrast, the funnel plot (see Figure 2-5) appears to show
asymmetry. There appears to be a significant gap of lower powered observed spacing effects that
were smaller or negative, which could be an indicator of publication bias. This is balanced by
effects with a smaller standard error that were closer to zero or negative, which is why the
asymmetry may not appear in the Egger’s regression test. Furthermore, when a trim and fill

analysis was applied, it suggested there were no studies that needed to be added.
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Figure 2-5
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Note. A funnel plot showing the effect size of spaced practice versus massed practice against the
standard error for each effect in the sample. Large asymmetry would suggest publication bias.
Overall, these analyses suggest that there is a medium to large beneficial effect of spaced
versus massed practice when a particular mathematical procedure/skill is taught in isolation
under more controlled conditions.
2.3.3 Spaced versus massed practice - Course-embedded Studies
This subset consists of 17 studies with 26 effect sizes. A variety of mathematical areas
are used for the material including algebra (Camp, 1973; Goettl et al., 1996; Holdan, 1986;
Lerma, 1990; Reed, 1924), arithmetic (Moss, 1996; Weaver, 1976), calculus (Beagley &
Capaldi, 2016, 2020; Bego et al., 2017; Gorgievski, 2012; Lyle et al., 2020, 2022) and statistics

(Crissinger, 2015).
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All studies recruited participants in the USA. More than half (60%) used varying inter-
session intervals based on a formula (e.g., Hirsch et al., 1982) to distribute questions on a
particular topic or skill, while others had an inter-session interval for each learning objective that
remained constant (Lyle et al., 2020). Three quarters of the studies provided some form of
feedback while a quarter did not. Goettl et al. (1996) was the only study that was run in a lab
setting, but was still structured as a course, while the remainder were embedded into a course in
a classroom or as homework. The mean age of participants was only reported for 23% of
observed effects, but for those effects the mean age was 17.4 years old.

Over half the effects were extracted from peer reviewed articles (54%), while the
remainder were extracted from theses (i.e., Camp, 1973; Gorgievski, 2012) or a conference paper
(Bego et al., 2017). Many of the studies took place in a university setting (65% of effects) while
the remainder either took place in secondary schools or were drawn from an adult population not
in University (Goettl et al., 1996). Studies that took place in the classroom or used untimed
homework could have allowed pupils to look back at their work, making retrieval uncertain
(53% of observed effects) while studies that used timed quizzes in class or at home reduced that
chance and were coded as requiring retrieval. Most of the studies adopted an expanding inter-
session interval design (68% of observations) while the remainder used a uniform design. Thirty
percent of effects were within subjects while 70% were between subjects.

The number of items refers to the number of learning objectives that were intended to be
learnt and tested at the final exam, this ranged from seven (Reed, 1983) to forty-eight (Hopkins
et al., 2016) where reported. The number of exposures refers to how many times each learning
objective is practiced and ranged from three (Hopkins et al., 2016) to nine times (Gorgievski,

2012). Mean performance at first time point ranged from 11% (Goettl et al., 1996) to 85%
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(Hirsch et al., 1982). Mean inter-session interval length ranged from one day (Goettl et al., 1996)
to two weeks (Lyle et al., 2020). Time from final practice/retrieval session to exam ranged from
two days (Camp, 1973) to five weeks (Hopkins et al., 2016; Lyle et al., 2020; Weaver, 1976) and
five weeks was the most common delay.

Overall Effect Size. The overall weighted mean effect size of spaced versus massed
practice for course-embedded material is g = 0.24 (se 0.038) (95% confidence interval [0.155,
0.324]) (see Figure 2-6). The hierarchical structure of the meta-analyses can allow us to see how
much variance was associated with each level of the hierarchy. Firstly, I* = 57% of the variance
was associated with the first level (sampling error), I? = 0% was associated with the second level
(within study heterogeneity) (95% confidence interval [0, 50.555]). However, there was a large
amount of uncertainty in the between-study heterogeneity due to the small sample size (Chung et
al., 2021). Finally, I? = 43.065% associated with the third level (between-study heterogeneity)
(95% confidence interval [0, 78.745]).

Again, the Cook’s distances for each effect were calculated and none were greater than
0.5 which suggested that no single study was likely to be highly influential. The difference in fit
analysis shows that study 15 (Lyle et al., 2022) shifts the mean effect size just under half a
standard deviation (DFFITS = 0.491), the removal of this study changes the mean effect size to
g=0.24 (se = 0.038) (95% confidence interval [0.155, 0.324]). The studies that produced the
next largest difference in fit were Hirsch et al. (1982) (DFFITS = 0.638) and Gorgievski (2012)
(DFFITS = 0.147). The removal of Hirsch et al. (1982) changes the mean effect size to g =

0.256 (se = 0.036) (95% confidence interval [0.176, 0.337]).
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Figure 2-6
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Note. A forest plot displaying the weighted mean effect sizes for each effect in the subset. The

size of the square is proportional to the sample size; the error bars represent the 95% confidence
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interval. The diamond at the bottom represents the overall weighted mean effect size before and
after the small sample adjustment.

Risk of Bias. Egger’s regression test for funnel plot asymmetry is significant (¢ = -2.4,
d.f. =24, p = 0.025) suggesting publication bias resulting from insignificant results remaining
unpublished. The negative t-value would suggest under-reporting of results that exceed the mean
effect size. The funnel plot (see Figure 2-7) does not show obvious asymmetry. When the trim
and fill method (Duval & Tweedie, 2000) is applied to the uni-variate version of the model it
adds in 6 studies and provides a corrected effect of g = 0.27 [0.215, 0.326].
Figure 2-7
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Note. A funnel plot showing the effect size of spaced practice versus massed (for course-

embedded studies) against the standard error for each effect in the sample. Large asymmetry
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would suggest publication bias. The black circles represent the studies included in the main
analysis, while grey studies are studies suspected to be missing by the trim and fill method.

In summary, there is a small to medium positive effect of spaced versus massed practice
when the material is incorporated into a course structure, though it appears to be a numerically
smaller effect than for isolated learning.

2.3.4 Retrieval versus Restudying in Mathematics Learning

This subset consists of 7 studies with 32 effect sizes. Fazio (2018) focused on learning
and applying a particular procedure (fraction multiplication), while the others used a mixture of
learning procedures alongside concepts or using the knowledge in problem solving tasks. The
most common topic was statistics (Eustace et al., 2020; Lyle & Crawford, 2011; Yeo & Fazio,
2019), with the other studies focusing on probability (Dirkx et al., 2014), geometry (Betsch et al.,
2015) or arithmetic (Fazio, 2018).

Half of the studies were undertaken in the USA, with the other three sampling from
populations in the Netherlands (Dirkx et al., 2014), Germany (Betsch et al., 2015) and Ireland
(Eustace et al., 2020). All studies took place in a university setting except one in a Secondary
setting (Dirkx et al., 2014) and one in a primary setting (Betsch et al., 2015). Where reported, the
mean age of participants ranged from approximately nine (Betsch et al., 2015) to twenty-two
years old (Lyle & Crawford, 2011). All the included studies were peer-reviewed articles except
for Fazio (2018) which was published as a book chapter.

Where reported, participants were provided with three or four exposures to each item to
be learnt, for example, in Fazio (2018) (Experiment 1) participants had either four study
opportunities (SSSS) or one study and three test opportunities (STTT). Each study or testing

session ranged from four (Yeo & Fazio, 2019) to eight minutes (Dirkx et al., 2014). For the
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retrieval interval, 42% of the observations had a retrieval interval of less than one day, while the
remainder were longer. Eustace et al. (2020), Betsch et al. (2015) and Lyle and Crawford (2011)
provided feedback, and Yeo and Fazio (2019) gave feedback in one condition in their second
experiment, while the other studies did not. Just under half of the studies (46%) received their
retrieval opportunity immediately, while the remainder had it after a delay. Two studies were lab
experiments (Fazio, 2018; Yeo & Fazio, 2019) while the remainder were performed in a
classroom setting. Due to the nature of the testing effect most studies did not include an initial
test. This was because being tested before learning material can affect subsequent learning, a
phenomenon known as the pretesting effect (Pan & Carpenter, 2023), the exceptions were Fazio
(2018) and Dirkx et al. (2014). Fazio (2018) was also the only study that adopted a within-
subject design.

Overall Effect size. Calculating the impact of testing versus restudying for mathematics
learning, the overall weighted mean effect size is g = 0.184 (se = 0.095) (95% confidence
interval [-0.069, 0.436]) (see Figure 2-8). Note that the 95% confidence interval crossed the zero
line. The hierarchical structure of the meta-analyses can allow us to see how much variance was
associated with each level of the hierarchy. Firstly, I? = 30% of the variance was associated with
the first level (sampling error), I? = 50% was associated with the second level (within study
heterogeneity) (95% confidence interval [26.417, 83.001]) and I? = 20.105% associated with the

third level (between-study heterogeneity) (95% confidence interval [0, 89.458]).
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Figure 2-8

Retrieval versus Restudying - Forest Plot
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Note. A forest plot displaying the weighted mean effect sizes for each effect in the subset. The

size of the square is proportional to the sample size; the error bars represent the 95% confidence
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interval. The diamond at the bottom represents the overall weighted mean effect size before and
after the small sample adjustment.

When the Cook’s distances for each effect were calculated none were greater than 0.5
which suggested that no single study was likely to be highly influential. However, the difference
in fit analysis shows that the removal of one study (Betsch et al., 2015) shifts the mean effect
size by almost half a standard deviation (DFFITS = -0.483), which changes the mean effect size
to g =10.239 (se = 0.096) (95% confidence interval [-0.038, 0.516]). These results suggest the
lack of robustness is not due to any one study’s inclusion as the 95% confidence interval always
crosses zero regardless of which study is removed.

Risk of Bias. An insignificant Egger’s regression test for funnel plot asymmetry (¢ = -
1.279, d.f. =30, p =0.211) does not suggest publication bias resulting from insignificant results
remaining unpublished. Additionally, there is not clear asymmetry in funnel plot (see Figure

2-9).



Spacing and Task Complexity in Mathematics Learning 65

Figure 2-9

Retrieval versus Restudying - Funnel Plot
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Note. A funnel plot showing the effect size of retrieval practice versus restudy against the
standard error for each effect in the sample. Large asymmetry would suggest publication bias.
Our analyses were hampered by the small sample of studies that explicitly compare
testing to restudy in mathematics, and the overall effect was smaller than previously found and
was not robust.
2.4 Discussion
This meta-analysis had three purposes. First, to synthesize the current evidence regarding
the efficacy of spaced versus massed practice with regards to mathematics learning. We found a
robust small to medium effect of spacing, versus massed practice, overall, and in both subsets.
This spacing effect was larger for material taught in isolation and smaller for material embedded

into a course. Second, to investigate the efficacy of retrieval practice versus restudy within the
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domain of mathematics learning. We found a small to medium effect of retrieval versus restudy;
however, this was not robust as the 95% confidence interval crossed zero. Third, we intended to
examine the effect of spaced retrieval practice versus massed retrieval practice, however, this
was not possible due to a lack of studies.

Our first aim was to answer the question: does the spacing of mathematics practice lead
to higher retention than massed practice? Our preregistered analysis looked at the weighted mean
effect size of all studies that included a spaced versus massed manipulation. We found a small to
medium effect of spacing (g = 0.26), and the 95% confidence interval suggests this is robust.
However, this effect size is smaller than typically found effects of spacing in other domains such
as L2 Language learning (g = 0.80, with a delayed post-test, Kim & Webb, 2022), however it is
similar to more general reviews of spaced versus massed practice (g = 0.46, Donovan &
Radosevich, 1999). This suggests that spacing is effective for mathematics learning, but some
aspect of the material or the way it is taught may lead to reduced efficacy in comparison to other
domains.

Furthermore, two subsets of studies with distinct tasks contributed to this overall effect.
Isolated learning studies followed a traditional spacing task where massed practice is compared
to spaced practice (over multiple sessions) before being tested after a specified delay. In contrast,
course-embedded studies were embedded in a course structure, each individual item following a
spacing schedule, however a crucial difference is that material at the start of the course may have
a much longer retrieval interval than material at the end of the course. Additionally, the material
is interleaved with the other questions. Interleaving provides a bonus effect of increasing
learners’ ability to discriminate between question types, a skill unnecessary in isolated learning

studies, but relevant in course-embedded studies. Furthermore, due to the cumulative nature of
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mathematics material, the end of the course typically builds on prior material, so the prior
material may receive more practice than reported. For example, in a course on calculus, basic
rules for differentiation may be tested explicitly at the beginning, but then also used to answer
more complex questions at the end, resulting in additional practice.

For isolated learning studies, our analysis consisted of nine studies with thirty-five effect
sizes. For isolated learning, there was a significant small to medium effect of spacing (g =
0.427), which was much larger than the overall spacing effect, however, the lower limit of the
95% confidence interval is closer to zero than the overall spacing effect. There were two studies
whose removal would cause a significant change in the overall mean effect, however neither
caused the confidence interval to cross zero. The increased experimental control available in
isolated learning studies provides a purer measure of the spacing effect and is more comparable
to past spacing effect meta-analyses such as the one conducted by Donovan and Radosevich
(1999).

There are hints of publication bias in the isolated learning studies. The funnel plot is
asymmetrical, there are no negative, or close to zero, effects for studies with larger standard
errors than 0.3, while there are seven studies that found a significant effect with a standard error
larger than 0.3, which hints at potential publication bias. However, while the funnel plot
asymmetry hints at a possible under-reporting of smaller effects, neither Egger’s regression test
nor the trim and fill method suggested significant statistical evidence of publication bias. This
suggests an overall lack of strong evidence for publication bias for isolated learning studies.

Seventeen course-embedded studies with twenty-six effect sizes were analysed. We
found a robust significant effect of spacing for course-embedded studies (g = 0.24). The

difference in fit analysis showed that the removal of no single study would cause the 95% lower
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limit to drop below zero, providing further confidence in this study effect. As these studies
implemented spacing into a course, they also benefited from interleaving which we would have
expected to have produced an additional beneficial effect and increased performance on the post-
test.

One potential explanation for the smaller mean effect (though not significantly smaller)
in course-embedded studies could be linked to the study-phase retrieval hypothesis. The study-
phase retrieval hypothesis suggests a key mechanism underlying the spacing effect is the
retrieval of the initial study-phase. In a course setting in classrooms or as homework, students
likely have prior material they can access during practice. If students have access to the
materials, they may not have to retrieve the original memory, instead relying on external guides.
Two isolated learning studies make clear statements as to which materials participants had access
to, for example, “While working on the practice sheets, each student had access to a summary
sheet containing examples, including solutions, from the introductory lesson” (Barzagar Nazari
& Ebersbach, 2019, pg. 291) and “Throughout each practice session, students could see their
written work for practice problems that had appeared previously in the session” (Emeny et al.,
2021 pg. 1085). However, even in these cases it is difficult to understand to what extent
participants made use of these materials. It has been previously noted that distributing practice
may benefit medium performers best (Barzagar Nazari & Ebersbach, 2019). For these students,
they may feel equipped to attempt the problem before checking the available materials, using
them for feedback rather than undercutting the retrieval process. It would be valuable for future
experiments to both control for and directly manipulate what materials students have access to,

and when, during spaced practice of mathematics.
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Within a course structure both the nature of mathematics learning and the lack of
experimental control may have led to a smaller effect. The cumulative nature of mathematics
learning means that, even in the massed conditions, simpler material may be practiced after a
delay when more complex information is introduced, this adds an element of spacing into the
massed condition. Further, sometimes spacing has been observed to increase accuracy when
learners provide judgments of learning (Emeny et al., 2021; Logan et al., 2012), however, it is
often clear whether you have successfully completed a mathematics problem so this beneficial
effect may be minimised in the spaced condition. On the other hand, there are multiple reasons to
predict the spacing effect could have been stronger within subset two. First, as these studies were
embedded into a course structure, the learners may have been more intrinsically motivated as
their grade counted for something, unlike most of the experiments in subset one. Second, in the
spaced condition, the material was often also interleaved with material that had been previously
learned, which could have provided a bonus ability for students to discriminate between question
types and could have improved performance (Foster et al., 2019). Overall, there is no clear
reason why spacing may be less effective when embedded in a course.

The analysis of studies comparing retrieval practice versus restudy sought to help us
answer the question: does retrieval practice of mathematics lead to better learning (than just
restudy)? It consisted of six studies with twenty effect sizes. Our analysis suggested the testing
effect in mathematics may provide some advantage (g = 0.184); however, the 95% confidence
interval crosses zero, which suggests that the effect is not robust.

We had planned to investigate whether the combination of spacing and retrieval lead to
higher retention of mathematics knowledge (versus massed retrieval)? However, there was

insufficient information in most studies to decide whether the spacing study required retrieval or
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not. Ultimately, we deviated from our pre-registered retrieval moderator (yes or no) to retrieval
(certain or uncertain). If it was a timed online test or under test conditions, we said it was likely
to require retrieval, otherwise we could not be sure. The moderator analyses for whether retrieval
was certain or uncertain were not significant.

Every effort was made to follow current best practices in meta-analysis (Steel et al.,
2021) including pre-registering, checking for publication bias, quality indicators and using
difference of fits analyses. We calculated the overall effect using robust variance estimation with
correlated hierarchical effects. This allowed us to account for multiple comparisons within the
same study (Pustejovsky & Tipton, 2022). We made systematic efforts to uncover unpublished
studies; however, no authors we contacted reported any unpublished studies.

Given the current available literature, we could not state whether there is or is not a
robust effect of testing for mathematics material. Similarly, the use of practice questions in
mathematics and the lack of clarity as to whether learners were able to view past work meant that
we could not accurately code whether studies required retrieval or not. We did, however, find
significant evidence for a beneficial effect of spacing for mathematics material. This effect was
smaller in studies where the material was embedded in a course, in comparison to stand alone
experiments. Overall, the current state of the literature allowed us to answer one of our three
questions, spacing is effective for mathematics material. However, we were unable to answer
whether retrieval practice is effective for mathematics learning and how the testing and spacing
effects interact. Future studies should aim to control, or directly vary, whether participants must
retrieve the information during practice or have it available to them. We believed that while not
differing statistically, the isolated and course-embedded subsets implement the spacing effect in

two theoretically distinct ways. By carefully manipulating the order of practice problems, into
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blocked, interleaved, and remote interleaved sets, Foster et al. (2019) were able to calculate the
relative contributions to learning from spacing and interleaving. However, in their experiment
the practice took place in a single session with no significant temporal delays between sets, so is
not directly applicable to the difference between isolated and course-embedded material. Future
experiments involving course-embedded spacing should take care to structure problem questions
to allow the relative contributions of spacing and interleaving to be extracted. More testing effect
studies that use testing effect best practices, rather than pushing the effect to find boundary
conditions, are required to boost confidence in the utility of the testing effect to benefit
mathematics material.
2.5 Conclusion

We found robust evidence for a positive small to medium effect of spaced rather than
massed practice for mathematics learning. This effect was numerically larger for studies where
participants learnt isolated material in contrast to when the material was embedded in a course,
but importantly, the effect was robust in both subsets. We found a small to medium mean effect
of testing versus restudy; however, this was not robust. Overall, there is sufficient evidence to
promote the use of spacing for mathematics learning to improve mathematics learning. Given the
robust nature of retrieval practice in other domains, there is insufficient evidence to suggest that
retrieval practice is not a useful pedagogical tool for mathematics learning, however, more

evidence is required to ensure the robustness of the testing effect.
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2.6 Appendix

PICOS table
Table 2-2
PICOS Table
PICOS
Inclusion Exclusion
Term
Clinical populations (classroom studies
where particular participants have
Population = Any age range or education level.
additional needs will be included, but not
exclusively clinical samples)
Lab or classroom based.
An intervention that bases its Studies which use multiple subjects (for
design on the use of the spacing example Science questions and
Intervention effect, retrieval effect, or a mathematics questions) where the results of
combination of the two and uses ~ the mathematics section is not reported in
mathematics material. sufficient detail to calculate an effect size.
Comparators ~ Massed versus spaced practice No comparator or control condition

Greater versus lesser spacing

Retrieval versus restudying
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PICOS
Inclusion Exclusion
Term
Outcome Performance on a post-test
Study Includes a post-test after the
Non-experimental designs
design condition or control intervention

No comparator or control condition

Is the data already reported in
another paper included in the

review?

Note. Description of inclusion and exclusion criteria following the Population, Intervention,

Comparison, Outcomes and Study (PICOS) framework.
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Abstract

Spacing, distributing practice over time rather than in a single session, often benefits
long-term memory of simple material. However, it is less clear whether spacing is effective for
more complex material. As more educators harness the spacing effect, it is important to know
under what conditions it is most effective. We investigated the impact of procedural complexity
on the efficacy of spacing, by varying the number of steps in arithmetic procedures. Participants
were taught two procedures, either in a single session (massed) or over three sessions spanning
three consecutive days (spaced). Experiment one compared learning a two-step with a three-step
procedure. Spaced practice led to significantly higher performance, relative to massed practice,
with no evidence for a difference in the spacing effect as a function of procedural complexity.
However, there was also no evidence for a difference in performance between the two
procedures, suggesting the three-step procedure was not sufficiently more complex than the two-
step procedure. Experiment two compared learning a two-step with a five-step procedure. We
again saw a significant spacing effect, as well a main effect of complexity, with performance in
the five-step procedure being significantly lower than the two-step procedure. As in Experiment
one, we found no evidence for an interaction between procedural complexity and the spacing
effect. Our results show that spacing benefits the learning of arithmetic procedures. Critically, we
also show that the spacing effect is not negatively impacted by the procedural complexity of the
procedure learnt.

Keywords: Mathematics learning, Memory, Spacing effect, Distributed practice, Spaced

Retrieval Practice, Complexity, Procedure
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More Steps, Same Effect: Spacing Increases the Retention of Mathematics Procedures of
Varying Complexity

When learning mathematics, a student will often have to recall and use material from the
past. This material could be from the previous lesson, semester, or year. If, during a lesson,
students are unable to recall these procedures or concepts, they must take time away from
learning new material to relearn them. One potential solution to this problem is to distribute
practice over time and over multiple sessions, as opposed to massed practice in one session. The
change in retention due to the distribution of practice over time is termed the spacing effect.
While the spacing effect often benefits long-term memory of simple material (Cepeda et al.,
2006), it is less clear that spacing is effective for more complex material (Donovan &
Radosevich, 1999). We chose to use mathematics material to investigate this relationship
between complexity and spacing as we could manipulate the number of steps in a procedure and
test prior knowledge for the skills required in each step. In this study we ran two experiments to
investigate how procedural complexity, defined by the number of steps in a procedure, affects
the efficacy of spaced retrieval practice versus massed retrieval practice.

The spacing effect is a robust phenomenon in learning and memory research. Previous
meta-analyses have found large beneficial effects to learning outcomes across hundreds of
studies (Cepeda et al., 2006; Donovan & Radosevich, 1999; Latimier et al., 2021), and it has
been subject to multiple reviews (Delaney et al., 2010; Kiipper-Tetzel, 2014; Maddox, 2016). In
the domain of mathematics, there have been mixed results. Significant benefits have been
reported for learning arithmetic facts (Schutte et al., 2015), algebra (Gay, 1973), geometry
(Yazdani & Zebrowski, 2006), simple procedures (Rohrer & Taylor, 2006), and more complex

bodies of knowledge such as calculus (Hopkins et al., 2016; Lyle et al., 2020, 2022). Significant
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positive effects have been found across age groups including primary school (Chen & Kalyuga,
2019), secondary school (Emeny et al., 2021; Barzagar Nazari & Ebersbach, 2019) and higher
education (Hopkins et al., 2016; Lyle et al., 2020, 2022).

Nevertheless, there have also been multiple studies that did not find a significant positive
effect, and sometimes a negative effect, of spacing for mathematics learning (Beagley & Capaldi,
2020; Ebersbach & Barzagar Nazari, 2020a; Rohrer & Taylor, 2006). One reason may be
participants’ performance during practice. During exploratory analyses, Barzagar Nazari and
Ebersbach (2019) found that distributed practice was most effective for students of medium
performance, while high performers may already be at ceiling and lower performers may never
achieve sufficient proficiency in the task to benefit from spacing. Alternatively, the results in
Barzagar Nazari and Ebersbach (2019) could be explained by whether participants had to
retrieve the information or not. During the task participants had access to a summary sheet
containing solved examples. High performers could have been at ceiling, but medium performers
may have experienced sufficient success to practice without relying on the summary sheet. In
contrast, low performers may have relied heavily on the summary sheet without having to
retrieve the information. Higher attrition in the spaced condition, in comparison to the massed
condition, has also been an issue, leading analyses to be dropped (Barzagar Nazari & Ebersbach,
2018). In the methods section we describe how we have attempted to avoid issues with retrieval,
performance during practice and attrition bias in the two experiments. In summary, there is
evidence that spaced practice can be beneficial for mathematics learning, however, there may be
additional factors that limit the effects of spacing or require the practice to be implemented
differently. We will focus on one such factor in the following experiments, the complexity of the

material.
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In their meta-analysis looking at spacing across a variety of tasks, Donovan and
Radosevich (1999) found a significant negative correlation between the overall complexity of a
task and the efficacy of spacing. They defined overall complexity as “the degree to which the
task requires a number of distinct behaviours, the number of choices involved in the performance
of the task, and the degree of uncertainty involved in performance of the task™ (p. 798). In our
study we defined complexity procedurally, by counting the number of steps required to solve a
problem. This has been used in previous mathematics learning experiments that manipulated
procedural complexity (Mattis, 2015; Vincent & Stacey, 2008). We reasoned that the number of
steps would map onto the number of distinct behaviours aspect of Donovan and Radosevich
(1999)’s definition of overall complexity and hypothesized it might affect the efficacy of spacing
for procedures with more steps. We consider two theories of the spacing effect and how they
may interact with complexity.

Firstly, the study-phase retrieval hypothesis (Thios & D’Agostino, 1976) suggests that
the benefit of spacing arises from the retrieval of the initial study-phase, with each successful
retrieval creating additional routes for retrieval, or multiple copies of the memory, leading to
better future recall. If more complex information is either more difficult to retrieve or contains
multiple parts that can be independently forgotten, then spacing may be less effective for more
complex material, because participants will retrieve the original study phase less frequently or
incorrectly. The effort required to successfully retrieve material also affects the outcome of
spacing, where a successful retrieval that is more effortful would lead to a larger effect (Pyc &
Rawson, 2009).

Secondly, the deficient processing account suggests that during massed learning the

material is more shallowly processed due to seeing the stimuli frequently over a brief period of
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time (Hintzman, 1974). In contrast, in the spaced condition, the amount of processing resets at
the start of each new session, which leads to higher average processing over multiple trials and in
turn, greater quality learning overall. The complexity of the material may interact with the
amount of processing, in turn affecting any deficient processing in the massed complex material
condition. While a simple item may quickly be less processed when seen frequently, perhaps a
more complex item will require more intentional processing and will not be affected by deficient
processing. If that were the case, there would be no additional benefit of spacing due to deficient
practice for more complex items.

We investigated the impact of procedural complexity on the efficacy of spacing using a
two-by-two experimental design. We varied the number of steps in artificial arithmetic
procedures (two versus three in experiment one, two versus five in experiment two) and the
practice schedule (one massed versus three distributed sessions). This had several benefits. The
artificial nature of the procedures minimised the impact of prior knowledge, as participants will
not have seen these procedures before. We were able to check that participants would be
proficient in all the basic arithmetic skills ensuring that each could be counted as a single
element. We ensured that it is not possible to skip steps, which has been an issue in prior
attempts to define complexity (Mattis, 2015). Increasing the number of steps exponentially
increases the number of ways to misremember the order of the steps. While we lose ecological
validity, we believe the additional control gained over prior knowledge make this a beneficial
choice.

We had three hypotheses. Firstly, spaced retrieval would lead to a greater retention than
massed retrieval across all conditions. We did not expect the spacing effect to fully disappear or

negatively affect learning. This hypothesis predicts a significant main effect of spacing.
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Secondly, participants would have lower retention of higher complexity material. We predicted
that as there were more connected steps to recall and use, participants in the higher complexity
condition would have lower performance on the post-test. This hypothesis predicts a significant
main effect of complexity. Thirdly, there would be an interaction between spacing and
complexity. Specifically, there would be a significantly smaller effect of spacing in the high
complexity condition than in the low complexity condition.

We also measured participants’ working memory, arithmetic fluency, retrieval accuracy
during practice, and mathematics anxiety to check that the initial groups were equal in these
variables to ensure this did not affect the outcome.

3.1 Experiment One
3.1.1 Method

The study was implemented as a mixed factorial design, including two factors each with
two levels. Within participants, procedural complexity was manipulated; participants learnt both
a two-step and three-step procedure. Between participants, the schedule of learning was
manipulated; participants either learnt the procedures in one longer session (massed) or over
three sessions split over three days (spaced). Each participant completed eight tasks over four
sessions. This included a forwards and backwards digit span task, arithmetic fluency, one
procedure learning session, two retrieval sessions, a post-test, and a mathematics anxiety
questionnaire. The order in which participants completed the tasks depended on their scheduling

condition (see Figure 3-1).
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Figure 3-1
Experimental Design
Day 1 Day 2 Day 3 Day 10
Spaced
condition: FDS L BDS R1 AS ‘ R2 PT MA
7 day
gap
Massed FDS | BDS AS
condition: L R1 R2 PT MA

Note. A diagram outlining the overall procedure of the experiment.
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Using the R module SuperPower (Lakens & Caldwell, 2021) to simulate a two-by-two

Mixed ANOVA suggested that 68 participants (34 per condition) would be sufficient to detect an

n? = 0.11 main effect of spacing, which is similar to results found in prior experiments. Bego et

al. (2017) found a significant main effect of spacing n? = .147 and similarly Hopkins et al.

(2016) found a main effect of n2 = 0.099. This was, however, only sufficient power to detect the

main effects of complexity and spacing. As this is a novel task, and there is little prior evidence

for the effect size of the interaction, we only initially powered the main effects, due to time and

resource constraints.
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All participants provided their informed consent and both experiments were approved by
the University of York’s Ethics board.

One hundred and one participants began the experiment; however, a total of thirty-one
participants dropped out before completing the fourth session (30.69% attrition rate). Twelve
participants dropped out of the experiment before being assigned to either the massed or spaced
routine, we suggest that when asked to sign up to a time to do the experiment participants
realised they did not have sufficient time to complete it and dropped out. The remaining attrition
was evenly distributed between the massed and spaced condition. Nine participants began the
massed condition before dropping out and ten participants began the spaced condition before
dropping out, suggesting little attrition bias. The final sample consisted of seventy undergraduate
students from a British university (three reported to already have a bachelor’s degree, however,
based on their age they may have misread the question and thought they needed to put what
course they were doing). The final sample was heavily biased towards female participants (87%),
with the remainder identifying as male, participants were aged between 18 and 21 years old and

the mean age was 19.11 years (SD = 0.79 years).
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3.1.3 Material
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Learning arithmetic procedures. Participants were taught two arithmetic procedures,

where each step required participants to perform an operation using a particular operand (i.e., in

“Multiply by two” the operator is “Multiply”” and the operand is “two”) (see Table 3-1). The

procedures consisted of only addition, subtraction, multiplication, division and squaring a

number as the operations. In the first experiment, one procedure had two steps, and the other had

three steps. The initial step was always “Add the two numbers together” or “Multiply the two

numbers together.” This ensured the order of the two numbers did not matter and the next step

only had to deal with one input.
Table 3-1

Procedures Learnt by Participants

Counter
Two-step Three-step™ Five-step**
balance
One Add the two numbers Add the two numbers Add the two numbers
together together together

Divide your answer by

three

Divide your answer by

three

Square your answer

Divide your answer by

three

Subtract two from your

answer

Square your answer
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Counter
Two-step Three-step* Five-step**
balance
Multiply your answer by
ten
Two Multiply the two Multiply the two Multiply the two

numbers together

Subtract ten from your

answer

numbers together

Subtract ten from your

answer

Divide by two

numbers together

Subtract six from your

answer

Divide your answer by

four

Square your answer

Add one to your answer

Note. Table displaying the procedures used in the experiments. * = used only in experiment one,

** = used only in experiment two

In both the learning session, and the retrieval sessions, participants were cued with the

instructions “Apply the n-step procedure to the numbers a and b” with n being either “two” or

“three” and a and b two integers such that the result of applying the procedure is a whole

number. In the learning session, the steps were displayed while participants applied the

procedure, while in the retrieval sessions the participants had to retrieve the steps to apply the

procedure. In all three sessions, when an incorrect answer was submitted participants were given



Spacing and Task Complexity in Mathematics Learning 85

feedback in the form of the correct answer and were shown the steps of the procedure again.
Each session consisted of nine trials for the two-step and nine trials for the three-step procedure.
Retrieval accuracy was defined as the mean accuracy across the two retrieval sessions.

Two attention checks were presented during each learning, retrieval, and post-test task.
The attention checks were visually similar to the main task; however, participants simply had to
type in the number presented. We preregistered that if participants failed two attention checks
during any one session, they would be removed, however, no participant failed both checks in
experiment one.

The critical post-test contained four sub-tasks. The participants went through the tasks for
one procedure, then the next, with the order counterbalanced across participants. We used four
tasks to capture a more rounded view of participants’ memory for the procedures. The first task
consisted of six questions identical to the retrieval task, referred to as basic trials, but with no
feedback, where participants either performed the procedure in full, or gave the answer after an
intermediate step (see Figure 3-2). In the second task participants were presented with the
procedure, the inputs, the answer, and were then asked if it was correct. This task is later referred
to as correct (y/n) trials (see Figure 3-2 -B). In the third task, reverse procedure trials,
participants were given the procedure, one of the two inputs and the answer, and were then asked
to reverse the procedure to find the other input (see Figure 3-2 - C). Finally, participants were
asked to choose the correct steps from drop-down boxes (see Figure 3-2 - D). For the recognise
steps task, participants could get one point for the first step and two points for each subsequent
step, one for the operand and one for the operator. For each procedure, the final score on the

recognise steps task is scaled, such that remembering all the steps is worth three points. The final
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score for the post-test was calculated as the sum of the raw scores in the first three sub-tasks plus
the scaled score for the drop—down procedure task, for a maximum potential score of fifteen.
Figure 3-2

Post-test Sub-tasks

A

Someone applies the Two-step E
Apply the ThrCO"SICD procedure to the numbers procedure to the numbers 6 and 4'
land 8 their answer was the number 14

What is the an fter the fi ? z
at is the answer after the first step T R——

[ ] f j

Incorrect Correct

Someone applies the Two-step C | What operation do you have to performin | D

procedure to the number 3 and each step of the Three-step procedure?
another number, their answer was Step 1)
14 Step 2)
Step 3)

What was the other number?

Note. Four screenshots from the experiment outlining the four sub-tasks in the post-test. First
Basic trials where participants simply apply the procedure in full or after a certain number of
steps (A). Correct (y/n) trials where participants are given the procedure, inputs and answer and
must see if it is correct (B). Reverse Procedure trials where participants are given the answer and
one of the inputs and tasked to work out the other input (C). Recognise steps trials where

participants are asked to select the correct steps from a drop-down box (D).
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Individual difference measures. Working memory was measured by forwards and
backwards digit span tasks. The two tasks were based on the Wechsler memory scale - third
edition (WMS-III) (Wechsler, 1997). During the task, participants heard a spoken series of
numbers. Beginning at two digits, participants either had to recall them forwards or backwards
and type them into a box on the screen. Each round had two chances to succeed at repeating the
numbers correctly, if they succeeded (in at least one of the two trials) then participants would
move onto the next round where an additional number was added. If not, then the task would
end, and their final score was calculated as the total number of trials they answered correctly
during the task. The maximum possible number of digits presented in one trial (span) was nine
for the forwards digit span and eight for the backwards digit span. The maximum score was 18
and 16 for the forwards and backwards digit span, respectively.

Arithmetic fluency was measured using a version of the Math4Speed task (Loenneker et
al., 2022) which was altered to be usable online. It consisted of fifty addition, fifty subtraction,
fifty multiplication and fifty division questions. Participants had two minutes for each arithmetic
type to complete as many questions as possible. The sum correct answers across each operation
were used as our measure of arithmetic fluency.

Mathematics anxiety was measured using an online version of the Mathematics Anxiety
Scale-UK (MAS-UK) (Hunt et al., 2011). This scale was specifically designed for the British
undergraduate student population, which matched our target population. It consisted of twenty-
three hypothetical scenarios designed to measure participants’ mathematics anxiety. For each
scenario, participants rated their predicted anxiety on a on a five-point scale (with the answer
options: ‘not at all’, ‘slightly’, ‘a fair amount’, ‘much’, ‘very much’), where a higher score meant

they felt more anxious at the prospect of doing that activity. For example, participants were
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asked to imagine how anxious they would feel when a situation occurs such as “Having someone
watch you multiply 12 x 23 on paper”. The final mathematics anxiety score was the sum of their
answers.

3.1.4 Procedure

We recruited participants through the University of York’s human participant pool via
Sona Systems (https://www.sona-systems.com/). The experiment was created and hosted online
through the platform Gorilla (Anwyl-Irvine et al., 2020) and upon completion of the study the
participants were granted course credit. Once directed to the experiment, participants were
presented with a consent form. Once they consented, they answered a series of demographic
questions and were directed to choose times when they would complete the study. This was done
so that anyone who misread the instructions and would not be able to complete the study would
be removed here. They were then randomly assigned to either a massed or spaced schedule to
complete the remaining tasks, using Gorilla’s built in randomizer.

The first three sessions were scheduled over three consecutive days then a final session
seven days after the third session. In the massed condition participants completed the learning
phase and then the two retrieval phases on day three; and then the post-test on day ten. In the
spaced condition participants completed the learning phase on day one, the first retrieval phase
on day two, the second retrieval phase on day three, and then the post-test on day ten. This
ensured the retrieval interval for both the massed and spaced conditions was equivalent.

In another study involving spacing, there was more attrition in the spaced condition, than
the massed condition, which meant the original analyses could not be run (Barzagar Nazari &
Ebersbach, 2018). To reduce the possibility of this for the present study we ensured that

participants in the massed and spaced condition both had to complete four sessions over ten days.
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The digit span and arithmetic fluency tasks were used to pad the remaining sessions to ensure
that participants had to return to the experiment an equal number of times across both conditions.
3.1.5 Analysis

We performed a two (massed versus spaced) by two (two-step versus three-step) mixed
ANOVA on accuracy on the post-test. This was pre-registered (https://osf.io/td5h8). As the
sample size is greater than fifty participants Q—Q plots were used to assess the normality of the
data. If the points fall approximately along the line of the Q—Q plot, then normality was assumed.
Levene’s test for homogeneity of variance was used to test for heteroscedasticity. Box’s M-test
was used to check for Homogeneity of Covariance. Any assumptions that were broken were
reported. For completeness, post-hoc t-tests with Bonferroni corrections were run to investigate
where the difference arose. Each ANOVA was also run using the BayesFactor R package
(Morey & Rouder, 2023) with the default Jefferies priors to calculate a Bayes Factor for each
effect. We used an alpha level of .05 for all statistical tests, except for Box’s M test which used a
value of .001, due to its sensitivity.

Participants’ data were excluded if they did not complete all the sessions or if they failed
both attention checks in the learning, retrieval, or post-test phases of the experiment. Outliers
more than three times the interquartile range were removed from the main analysis. Outliers
more than one and a half times the interquartile range were inspected and the decision to include
or exclude them explained.

As exploratory analyses we ran multiple t-tests to see if working memory, mathematics
anxiety, arithmetic fluency, or accuracy during the retrieval sessions significantly differed
between those in the massed or spaced conditions. The p-values for these analyses were adjusted

using the Bonferroni correction for multiple comparisons.
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3.1.6 Results

A two (spaced versus massed) by two (two-step versus three-step procedure) mixed
ANOVA was performed, with percentage overall score on the post-test as the dependent variable
(see Table 3-2). We ran the appropriate tests, listed in the methods, to ensure the data met the
assumptions for the ANOVA. These conditions were met, with the exception of potential outliers
more than 1.5 times the interquartile range from the first or third quartile, there were no extreme
outliers. These outlying participants (n = 6, all in the spaced condition) performed worse than
others, however, the outlying participants did not fail attention checks and appeared to complete
the rest of the study properly. Therefore, they have not been removed. In further exploratory
analyses (not reported), removing the outliers appears to increase the effect of spacing, but did
not affect the other main effect or interaction term.
Table 3-2

Experiment One Descriptive Statistics

Overall Retrieval Working Mathematics Arithmetic
Spacing Procedure

Score Accuracy Memory Anxiety Fluency
Massed Two-step 0.561 0.843
0276)  (0.109) 19.971 51.118 69.265
Three- 0.608 0.863 (3.362) (10.117) (23.839)

step (0.318) (0.120)

Spaced Two-step 0.698 0.813 18.972 52.361 70.389

(0.229) (0.079) (3.468) (14.333) (23.626)
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Overall Retrieval Working Mathematics Arithmetic
Spacing Procedure
Score Accuracy Memory Anxiety Fluency

Three- 0.734 0.844

step (0.267) (0.086)

Note. Table displaying the mean and standard deviation for the percentage score on the post-test,
Retrieval Accuracy (the mean percentage accuracy across both practice retrieval sessions) and

the scores on the working memory, mathematics anxiety, and arithmetic fluency tasks.

There was a significant main effect of spacing, F(1,68) = 5.135, p = 0.027, n* = 0.056
(BF10=2.291). The percentage overall score on the post-test was significantly higher in the
spaced (M = 0.716, SD = 0.248) than in the massed condition (M = 0.585, SD = 0.297). There
was no significant main effect of complexity, F(1,68) = 1.926, p = 0.17, n? = 0.006 (BF10 =
0.428). There was no evidence of an interaction between spacing and complexity, F(1,68) =
0.035, p = 0.853, 7% = 0 (BF10 = 0.251). We therefore saw a clear effect of spacing, however the
lack of difference between the two-step and three-step procedure suggests that we may not have
systematically varied complexity sufficiently.

Finally, we assessed whether the spacing effect was present in both the complexity
conditions separately. Post-hoc t-tests revealed a significant difference between massed (M =
0.561, SD =0.276) and spaced (M = 0.698, SD = 0.229) performance on the post-test for the
two-step procedures (#(34) =-2.258, p = 0.027, BF10 = 2.146) after Bonferroni adjustment.
However, there was no significant difference between massed and spaced three-step procedures

(1(34) =-1.79, p = 0.078, BF10 = 0.969), after Bonferroni adjustment.
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Figure 3-3

Experiment One - Main effect of Spacing

Massed Spaced

* kK

| |
p =0.268 p = 0.405

100.0% 1 ‘ 1 ]
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50.0% 1

Percentage score on post-test

Two-IStep Th reel-Step Two-IStep Th reel-Step
Spacing

Note. A boxplot showing the percentage score on the post-test by spacing condition and number

of steps in the procedure. The significance stars represent: * p <.05, ** p <.01, *** p <.001.
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Table 3-3

Experiment One Breakdown of Post-test Subtasks

93

Spacing Procedure Basic Correct (y/n)

Recognise Steps Reverse Procedure

Massed Two-step 0.515(0.361) 0.755(0.310)

Three-step 0.549 (0.401) 0.745 (0.308)

Spaced Two-step 0.727 (0.314) 0.880 (0.213)

Three-step 0.662 (0.337) 0.778 (0.276)

0.520 (0.428)

0.659 (0.427)

0.528 (0.460)

0.885(0.243)

0.500 (0.500)

0.539 (0.539)

0.630 (0.630)

0.685 (0.685)

Note. Table displaying the mean and standard deviation for the percentage score on the post-test,

broken down by the sub-tasks.

3.1.7 Exploratory Analyses

We ran four t-tests, with Bonferroni correction, to test if there was a significant difference

of working memory, arithmetic fluency, mathematics anxiety, or accuracy across the two

retrieval tasks between the massed and spaced conditions. We found no significant difference

between any of the variables (see Table 3-4).
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Table 3-4

Experiment one exploratory variables t-test

Statistic ~ d.f. p p.adj

Arithmetic Fluency -0.20 67.70 0.84 1.00

Mathematics Anxiety -0.42 63.06 0.68 1.00

Retrieval Accuracy 1.31  59.85 0.20 0.78

Working Memory 1.22 67.95 0.23 0.90

Note. Table displaying the results of t-tests to investigate if there are any significant differences
between massed and spaced groups for experiment one. The p values are adjusted using the
Bonferroni correction.
3.1.8 Discussion

In this experiment we tested how changes to the number of steps in a procedure affected
the efficacy of spaced retrieval practice. Our first hypothesis was that participants would have
lower retention of high complexity material. However, the main effect of complexity was not
significant and, numerically, participants appeared to perform better in the higher complexity
condition. Secondly, we predicted that across all levels of complexity spaced retrieval would
lead to a greater retention than massed retrieval. This was not the case. There was an overall
significant effect of spacing, although post-hoc results only showed significant evidence for a
spacing effect in the lower complexity condition and the evidence was not significant in the
higher complexity condition. The Bayes factor for the comparison between spaced and massed

three-step procedures was close to one. This evidence suggests that it is equally likely that there
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is a difference as that there is not a difference. Finally, based on previous evidence we predicted
there would be a larger spacing effect for lower complexity material than higher complexity
material. We found no evidence for an interaction between spacing and complexity. In the next
experiment we aimed to increase the difference in complexity by adding additional steps to the
higher complexity procedure.
3.2 Experiment Two
3.2.1 Method
3.2.2 Participants

Initially, one hundred undergraduate students from a British university were recruited
online, through Sona. Of those, sixty-eight completed the study (32% attrition rate). Five
participants dropped out before being assigned a condition. The attrition rates were similar across
conditions, sixteen massed and eleven spaced participants failed to complete the study. No
participant failed both attention checks in experiment two. Three participants in the spaced
condition were extreme outliers and were removed. Of the remaining sixty-five participants fifty-
seven identified as female, five as male and three participants identified as neither male nor
female. The participants were aged between 18 and 21 years old and the mean age was 19.09
years (SD = 0.91).
3.2.3 Material

Following the results of experiment one, experiment two was designed to increase the
difference in procedural complexity by adding two additional steps to the higher complexity

procedure (see Table 3-1). Otherwise, the materials were the same.
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3.2.4 Procedure

Experiment two followed the exact same procedure and data analysis plan as experiment
one, however, the three-step procedure was replaced with a five-step procedure (see Table 3-1).
This was pre-registered (https://osf.io/bpfgm).
3.2.5 Results

A two (spaced versus massed) by two (two-step versus five-step procedure) mixed
ANOVA was performed, with percentage overall score on the post-test as the dependent variable
(see Table 3-5 and Figure 3-4). Three extreme outliers (three times the interquartile range from
the first or third quartile) were removed and the assumptions for normality and homogeneity of
covariances were met. Levene’s test indicated that the variances were homogeneous across the
five-step procedure groups, F(1,63) = 0.82, p = .365, but not across the two-step procedure
groups F(1,63) =10.64, p = .002. This was due to a ceiling effect in the spaced two-step
condition. We continued with the planned analysis.
Table 3-5

Experiment two descriptive statistics

Spacing

Retrieval Overall Working Mathematics Arithmetic
Spacing Procedure
Accuracy Score Memory Anxiety Fluency

Massed Two-step 0.949 0.659 19.088 54.412 62.853

(0.106) 0.225)  (3.297) (12.225) (18.868)


https://osf.io/bpfqm
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Retrieval Overall Working Mathematics Arithmetic
Spacing Procedure
Accuracy Score Memory Anxiety Fluency

Five-step 0.959 0.495

(0.126) (0.251)

Spaced Two-step 0.969 0.852
(0.102) (0.108) 19.824 49.029 75.794
Five-step 0,998 0.7 (3.407) (14.379) (24.733)

(0.095) (0.228)

Note. Table displaying the mean and standard deviation for the percentage score on the post-test.

We believe that the lack of homogeneity of variance has not affected the results of the
mixed two-way ANOVA for two reasons. Firstly, in an analysis (not preregistered) available in
the supplementary materials we ran a Monte-Carlo simulation to investigate the impact of the
ceiling effect in the spaced two-step condition. As our variances were homogeneous in the first
experiment and in three out of the four conditions in the second experiment, we assumed that if
there was no ceiling the variance would be similar in the spaced two-step condition. We
generated 10,000 data sets based on this assumption and 10,000 data sets where a ceiling was
artificially imposed at y = 1. The results of imposing the ceiling effect made little difference to
the results and they were similar to the case where homogeneity was guaranteed. Furthermore,
we ran a non-parametric version of the mixed ANOVA (not preregistered) using the WRS2 R

package (Mair & Wilcox, 2020) (see Table 3-6), the results of this analysis mirror the results
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provided by the original mixed ANOVA, both main effects were significant and there was no
interaction. We continued with the original ANOVA as it was possible to calculate effect sizes
and we believe the lack of homogeneity, in one condition, did not impact the analysis in a
meaningful way.

Table 3-6

Experiment two Robust ANOVA

dft  df2 Q p

Spacing 1 36.209 27.469 <0.001

Procedure 1 32908 20.212 <0.001

Interaction 1 32.908 1.093 0.303

Note. The results of a robust between-within subjects ANOVA on the trimmed means using the

WRS2 R package.

There was a large and significant main effect of spacing, F(1,63) = 22.523, p < 0.001, n?
=0.184 (BFi0o = 774.526). The percentage overall score on the post-test was significantly higher
in the spaced condition (M = 0.776, SD = 0.193) than in the massed condition (M = 0.577, SD =
0.251). There was a significant medium to large main effect of complexity, F(1,63) =24.308, p <
0.001, n% = 0.124 (BF10 = 3970.715), such that participants performed better on the two-step
procedures than the five-step. There was no evidence of an interaction between spacing and

complexity, F(1,63) =0.036, p = 0.85, n? = 0 (BF10 = 0.281).
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Post-hoc t-test results on the spacing condition suggest that there was a significant
difference between massed (M = 0.659, SD = 0.225) and spaced (M = 0.852, SD =0.108 )
performance on the post-test for the two-step procedures (#34) = -4.462, p <0.001, BF0o =
382.014) after Bonferroni adjustment and a significant difference between massed (M = 0.495,
SD =0.251) and spaced (M = 0.7, SD = 0.228 ) five-step procedures (#(34) =-3.445, p = 0.001,
BF10 =29.055).

For participants in the massed condition, there was a significant difference between the
two and five-step procedures (#34) = 3.214, p = 0.003, BF10 = 12.466) after Bonferroni
adjustment and for participants in the spaced condition there was also a significant difference

between the procedures (#(31) =4.107, p <0.001, BFi0 = 100.593), after Bonferroni adjustment.
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Figure 3-4

Experiment Two - Main Effect of Spacing

Massed Spaced

* kK

*% *%

100.0% 1

50.0% 1 &

Percentage score on post-test
&

Two-IStep Five-IStep Two-IStep Five-IStep
Spacing

Note. A boxplot showing the percentage score on the post-test by spacing condition and number
of steps in the procedure. The significance stars represent: * p <.05, ** p <.01, *** p <.001.
Table 3-7

Experiment two breakdowns of post-test subtasks

Spacing Procedure Basic Correct (y/n) Recognise Steps Reverse Procedure

Massed Two-step 0.525 (0.266) 0.755(0.263)  0.814 (0.309) 0.676 (0.676)
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Spacing Procedure Basic Correct (y/n) Recognise Steps Reverse Procedure

Five-step  0.363 (0.291) 0.647 (0.306)  0.732 (0.311) 0.373 (0.373)

Spaced Two-step 0.681 (0.190) 0.922 (0.165)  0.902 (0.225) 0.863 (0.863)

Five-step 0.578 (0.291) 0.804 (0.219)  0.904 (0.246) 0.637 (0.637)

Note. Table displaying the mean and standard deviation for the percentage score on the post-test,

broken down by the sub-tasks.

3.2.6 Exploratory analyses

Again, we ran four t-tests, with Bonferroni correction, to test if there was a significant
difference of working memory, arithmetic fluency, mathematics anxiety, or accuracy across the
two retrieval tasks between the massed and spaced conditions. We found no significant
difference between any of the variables after Bonferroni correction (see Table 3-8), however,
arithmetic fluency would be significant without this correction.
Table 3-8

Experiment two exploratory variables t-tests

Statistic ~ d.f. p p.adj

Arithmetic Fluency  -2.426 61.692 0.018 0.073

Mathematics Anxiety 1.663 64.336 0.101 0.404
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Statistic  d.f. p p-adj

Retrieval Accuracy  -0.778 65.868 0.440 1.000

Working Memory -0.904 65.930 0.369 1.000

Note. Table displaying the results of t-tests to investigate if there are any significant differences
between massed and spaced groups for experiment two. The p values are adjusted using the

Bonferroni correction.

3.2.7 Discussion

In the second experiment, we once again tested how manipulating the number of steps in
a procedure affected the efficacy of spaced retrieval practice. As in Experiment one, there was a
significant effect of spacing, however in contrast, post-hoc tests, done for completeness, showed
that this effect was significant across both complexity conditions. We compared a two-step
procedure to a five-step procedure. Unlike in Experiment one, we saw a significant main effect
of complexity, with worse performance in the higher complexity condition. Increasing the
number of steps from three to five in the high complexity condition therefore had a demonstrable
effect on performance, providing us with greater certainty that we appropriately manipulated
procedural complexity. Critically, despite clear evidence for a main effect of complexity, we
again found no evidence for an interaction between spacing and complexity.
3.3 General discussion

We investigated the relationship between procedural complexity and the spacing effect
for learning mathematics procedures. In both experiments, participants learnt two arithmetic

procedures over either a massed or spaced schedule. We found clear evidence for a main effect
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of spacing in both experiments, and post-hoc tests revealed a significant spacing effect in three
out of four procedures across the experiments. Critically, we saw no evidence of an interaction
between spacing and procedural complexity: the spacing effect was not modulated by
complexity. This was also the case in experiment two where a clear main effect of complexity
was present. Our results provide further evidence of the robust nature of the spacing effect and
support the existing literature recommending the use of spaced retrieval practice in mathematics
learning (Emeny et al., 2021; Lyle et al., 2020; Rohrer & Taylor, 2006). Critically, the spacing
effect appears to be robust to changes in procedural complexity.

Our first hypothesis was that spaced retrieval would lead to greater retention than massed
retrieval. We found a significant main effect of spacing in both experiments, this suggests that
the change in scheduling condition, from a single massed session to three sessions (spread over
three days), provided a significant boost to recall after a week’s delay. Importantly, participants
performed the same number of practice trials, the only difference was when they performed the
practice.

Although we found evidence for a main effect of spacing across both experiments, the
post-hoc tests, performed for completeness, suggested the three-step procedure (experiment one)
did not show a significant spacing effect (and the Bayes Factor was inconclusive). Although this
post-hoc test could simply be a false negative, the deficient processing account (Hintzman, 1974)
could explain the lack of spacing effect for the three-step procedure. If the three-step procedure
required additional processing it may have not been negatively affected by the deficient
processing in massed practice. The two-step procedure may have been simple enough that
processing dropped over a small number of trials, therefore those participants benefited from the

boost to attention provided by spaced practice. However, if that were the case then we would
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have expected a similar effect for the five-step procedure. One possibility is that the five-step
procedure may have had too many elements to be processed at once, therefore the lack of
deficient processing in the massed condition may not have had an effect. Overall, there is little
evidence that this is the case, a false negative is the simpler explanation, particularly given the
inconclusive Bayes Factor, the presence of a spacing effect in the other three conditions, and a
main effect of spacing in experiment one.

Our second hypothesis was that participants would have lower retention of high
complexity material. Experiment one found no evidence for this. In experiment two,
performance in the five-step procedure was significantly worse when compared to the two-step,
yielding a significant main effect of complexity. One additional step might not be a large enough
difference in procedural complexity to elicit an effect of complexity (in experiment one), while
five steps (in experiment two) might begin to push the limits of working memory (Miller, 1956),
as the number of chunks available in working memory capacity is often estimated to be four or
five chunks (Reynolds et al., 2022). For the five-step procedure, participants had to learn the first
step plus the operand and operator for four more steps for a total of nine elements.

Our third hypothesis was that there would be an interaction between spacing and
complexity, specifically, that there would be a smaller effect of spacing in the high complexity
condition than in the low complexity condition. We had two reasons to predict this. Firstly,
considering the study-phase retrieval hypothesis, longer procedures may be more difficult to
retrieve. More difficult retrievals could in turn lead to fewer or more inaccurate retrievals of the
original study-phase memory trace, negating any benefit of spacing. Secondly, considering the
deficient processing account, we hypothesized that adding additional steps to a procedure may

increase the level of processing required to retrieve the procedure. Given a finite level of
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maximum potential processing, this may mean there is no beneficial effect to memory of
additional processing in the spaced condition. We found no evidence for an interaction between
procedural complexity and the spacing effect in either experiment. Furthermore, the results of the
Bayesian ANOV A suggest that there was strong evidence for the null hypothesis, that there was
no interaction between spacing and procedural complexity. This provides evidence against our
initial hypothesis and suggests that spacing can be effective for varying levels of procedural
complexity: when operationalised as the number of steps in a procedure. While this goes against
our initial hypothesis it suggests that the spacing effect is robust to variations in procedural
complexity and supports its use in the teaching and learning of mathematics.

If the number of steps in a procedure alone does not affect the efficacy of spaced retrieval
practice, an alternative is to consider the cognitive load theory measure element interactivity
(Sweller, 1988). This concept makes the important distinction between how many elements one
must recall while completing a task and how many must be held in working memory
simultaneously during the task. Prior knowledge is key as what may be multiple elements to one
learner could be chunked into a single element in a more experienced learner (Chen et al., 2023).
Chen et al. (2024) investigated the relationship between element interactivity and the spacing
effect. They found that materials higher in element interactivity deplete working memory
resources, which can be restored after a short rest. This may be one mechanism of the spacing
effect seen across short rest periods. In contrast, they also found that for low element
interactivity material there is no effect of working memory resource depletion, but they still
found a spacing effect, suggesting that working memory resource depletion cannot account for
all spacing effects. They suggest that when the spacing effect is not arising from opportunities to

restore working memory resources, the effect is due to additional time for rehearsal. In two
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further experiments, they taught participants (either novices or more experienced learners) a
calculus rule. For novices, for whom they hypothesized the material would be high in element
interactivity, they found an effect of spacing and working memory resource depletion. In
contrast, for more experienced learners (the material was low in element interactivity) there was
no effect of working memory resource depletion or spacing. This suggests that spacing could be
effective for material low in element interactivity, through additional rehearsal, and high in
element interactivity, through recovery of working memory resources via rest, but perhaps not in
material too complicated to rehearse, but that does not deplete working memory resources
because of expertise.

The definition used by Sweller (1988) and Chen et al. (2024) suggests that our material
was low in element interactivity. While we increased the number of elements required to be
learnt to successfully apply the procedure, participants never have to consider all the steps
simultaneously. In other words, we have low element interactivity. Chen et al. (2023) suggest
that to estimate element interactivity one must calculate the number of elements held in working
memory simultaneously. Our participants might not have to hold the whole procedure, but rather,
the answer to the previous step, the current step (the operator and operand - two elements) and
the answer to the current step in working memory. This would suggest that our maximum
element interactivity was four rather than nine. Critically, the number of elements held in
working memory at any one time would be consistent across our 2, 3 and 5 step procedures. This
could be why our measure of complexity, altering the number of steps, found no significant
interaction between procedural complexity and spacing as the element interactivity remains
constant, regardless of the number of steps. While our manipulation of procedural complexity

decreased performance in the five-step condition, it may not have targeted the aspect of
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complexity that affects the efficacy of spacing. Future experiments should develop the material
such that participants must hold more information in their working memory simultaneously.

We only used one spacing schedule in both experiments, which reduces generalisability.
This experiment used two inter-session intervals of one day, before a retrieval interval of one
week. We found a spacing effect for the highest complexity material, so, perhaps our spacing
schedule is well optimised for the higher complexity material. If increasing the inter-session
interval increased the difficulty of retrieval, then perhaps this would mean that the lower
complexity material is still retrieved, while the higher complexity is not. In this case, according
to the study-phase retrieval account, the material would not benefit from spacing as the original
study-phase would not be retrieved. Therefore, there would be no benefit of spacing. Similarly,
as prior studies found that the spacing effect was greatest for medium performers (Barzagar
Nazari & Ebersbach, 2019), longer inter-session intervals could reduce the performance of the
more complex procedure. This would in turn lower the success rate and may result in a lack of
spacing effect.

The main practical takeaway from this study is that if a procedure can be taken step by
step, spacing can be effective for procedures of varying complexity. This is useful in cases where
it is not meaningful to break a task into smaller sub-tasks. The spacing effect is a powerful and
robust way to boost retention. Teachers should ensure students are able to practice material over
multiple sessions, rather than massed into a single session in order to maximise learning.

3.4 Conclusion

Across two experiments, we found significant main effects of spacing. Critically, the

spacing effect was not modulated by procedural complexity. Our results suggest that, when

defined as the number of steps in a procedure, procedural complexity does not affect the efficacy
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of spaced retrieval practice for mathematics. This provides further support to the robust nature of
the spacing effect that makes it a valuable tool to improve memory and learning. Future research
should focus on the structure of procedures, and how the steps interact, rather than the quantity
of steps required to follow the procedure to investigate the relationship between procedural

complexity and the spacing effect.
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4 Element Interactivity and the Spacing Effect
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Abstract

Across two experiments I investigated whether element interactivity, the maximum
number of items held in working memory at once during a task, affected the efficacy of spaced
practice. The spacing schedule matched the one used in the chapter 3 experiments: either one
massed session or three consecutive spaced sessions followed by a seven-day delay. In
experiment three, I compared a linear category (low element interactivity) to a relational
category (higher element interactivity). There was a significant difference in accuracy on the
post-test for the low versus higher element interactivity material, however, no main effect of
spacing or interaction. This was the first time I did not find a main effect of spacing during this
PhD project. In experiment four I compared the linear category versus the procedure used in
chapter 3 and participants completed either massed or spaced practice. This time there was a
main effect of spacing, but no main effect of task nor an interaction between spacing and task.
Both the procedure and category tasks benefitted from spacing. This suggested that there may
have been high levels of interference between the two category types which masked the effect of
spacing in Experiment 3. Neither experiment provided evidence that element interactivity
moderates the spacing effect.

Keywords: Mathematics learning, Memory, Spacing effect, Distributed practice,

Complexity, Element Interactivity
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Element Interactivity and the Spacing Effect

The two experiments presented in this chapter were designed to further investigate what
aspects of task complexity affect spacing, in particular I focus on element interactivity. An
overview of spacing and complexity was provided in Chapter 1 and briefly in chapters 2 and 3,
in this next section I focused on element interactivity and how it differs from our previous
measure of complexity.

Previously, I manipulated procedural complexity by varying the number of steps in an
arithmetic procedure and participants completed either a massed or spaced practice schedule. I
proposed that more steps meant higher procedural complexity. I found a main effect of spacing
in both the two- versus three-step procedures and two- versus five-step procedure experiments,
however there was no evidence of an interaction between spacing and procedural complexity. I
concluded that the number of steps did not affect the efficacy of spaced practice. This may be
because while learning a procedure participants can learn one step at a time and, once they have
recalled and applied the step, they do not need to maintain it in working memory. Therefore, it is
possible that when a task can be broken down easily into subtasks, the number of subtasks does
not interact with the efficacy of spacing. In contrast to procedural complexity another suggested
measure of task complexity, element interactivity, may affect spaced practice as it provides an
alternative way to think about complexity as opposed to just more items to remember. Element
interactivity is defined as the maximum number of elements a learner has to hold in working
memory simultaneously in order to accomplish a task (Chen et al., 2023). Recently, element
interactivity has been more clearly operationalised as a measurement of task complexity (Chen et
al., 2023), after previous critiques suggested it was not sufficiently well defined (Karpicke &

Aue, 2015).
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As described in full in chapter 1, Chen et al. (2024) suggest that element interactivity
moderates the spacing effect. They propose that higher element interactivity material depletes
working memory resources leading to a reduced quality of learning during massed practice and
that spacing allows for working memory resources to be recovered during rest periods. However,
they also found a spacing effect for tasks that did not deplete working memory resources, in
which case they suggest this was because participants were able to rehearse. They manipulated
element interactivity by comparing a novice group to an expert group on the same task,
suggesting that the expert group’s prior knowledge means the material had lower element
interactivity. In contrast, [ aimed to improve on this design by manipulating element interactivity
within subject using artificial material where prior knowledge should have a minimal effect and
what I manipulated were the connections between the elements of the task.

In experiment 3, I manipulated the structure of categories. In contrast to learning the
procedures, when categorising a number, participants need to retain which steps they have
previously checked alongside the current step they are checking, this may add an increased load
to working memory and increase the interactivity between elements participants were required to
learn. In the current study, using element interactivity as the complexity manipulation, I
hypothesised that spacing would be less effective as element interactivity increased. I chose this
hypothesis as Chen et al. (2024) found conflicting results, where spacing was either found for
low element interactivity material (where rehearsal could occur) or higher element interactivity
(where spacing provided time for working memory resources to recover). In light of these
conflicting results, I considered Donovan and Radosevich’s (1999) meta-analysis results to be
stronger evidence, where overall task complexity was negatively correlated with the magnitude

of the spacing effect. I had three hypotheses:
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H1) Spaced practice will lead to a greater retention than massed retrieval

H2) Participants will have lower retention of higher element interactivity material

H3) There will be a significantly smaller effect of spacing in the higher element
interactivity condition.
4.1 Experiment Three
4.1.1 Method
4.1.2 Participants

As I expected a similar pattern of results to the previous experiments in chapter 3, I
reused the simulated power analysis, which suggested I needed 34 participants per group to
power for a large effect of spacing typical in the domain of spacing (n? = 0.11). This was only
for the main effects, however, as recent best practices have suggested much larger sample sizes
are required to detect interaction effects (Sommet et al., 2023). Furthermore, I hypothesised
increased complexity would attenuate the spacing effect, reducing its efficacy, but not making
massed practice more effective than spaced practice. Attenuated interactions are harder to power
for than a full cross over interaction (Lakens & Caldwell, 2021). The power analysis suggested
that 218 participants (109 per group) were required to fully power for the expected interaction.
As this material was new and time was limited at this stage in the project, I did not have the
resources to fully power for the interaction. The final sample consisted of 80 undergraduate
students at the University of York UK. The average age of the participants was 19.78 years (SD
= 1.71 years), 68 participants identified as female, eleven as male and one as non-binary.
4.1.3 Procedure

The University of York’s human participant pool was used for recruitment via Sona

Systems (https://www.sona-systems.com/). Participants accessed the experiment through the
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experimental platform Gorilla (Anwyl-Irvine et al., 2020). Participants were granted course
credit upon completion of the study. After signing up participants were asked their age and
gender then chose when they would complete the study. Both Experiments 3 and 4 were
approved by the University of York’s Ethics board, and all participants gave explicit consent to
participate.

As I found large spacing effects across both experiments 1 and 2 (see chapter 3) I used
the same spaced practice schedule and only changed the material participants were tasked to
learn. All participants who completed the experiment participated over four days: three
consecutive and one session following a seven-day gap. The spacing manipulation was applied to
the category learning task, and the individual differences tasks were used to pad the remaining
time. As this task took longer than the main task in the Experiments 1 and 2, I omitted the maths
anxiety test in Experiment 3.

4.1.4 Material

Explicit Category Learning. During the main task, each participant learnt to categorise
a number using one linear category (lower element interactivity) and one relational category
(higher element interactivity) (see Figure 4-1). Linear categories required participants to recall
four constraints and, as long as all the constraints were true, the number was a member of the
category (see Figure 4-1 - A). As participants were able to learn each constraint in isolation, this
task was designed to have low element interactivity. Though participants were always shown the
flowchart to categorise a number in the same order, the actual order they checked the constraints
has no bearing mathematically. Additionally, when the target number was not a member of the
category, to successfully apply the /inear condition participants only needed to spot one

constraint that did not hold (i.e., that the number was less than 500) at which point they could
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respond that it was not a category member. To be sure that it was a category member they
needed to check all four constraints.
Figure 4-1

Screens Shown During the Learning Phase

(A) (B)
Not Digit sum (
SVERE Jib more than Is this number a
Is this number a Jib? 122 Fonk?
Yes ¥
Digit sum Not
el . Jib Less than Greater than
" he 800? 300?
a5
Use the flow chart to Use the flow chart to
Not a multiple Not the left to decide, ves | No vesifp ~dfiiNo } )
» Not Fonk Fonk the left to decide,
of five? Jib then choose an
No ) then choose an
option below )
Yes 4 option below
Not |
Less than 5007 [l A C _ M Yes No ‘ C ‘ M
No [ Jib . Not Jib ‘ Fonk Mot Fonk
Yes @ ‘ | Fonk | INot Fonk

It's a Jib

Note. Screens participants saw during the learning of linear (A) and relational (B) tasks.

In contrast, to apply the relational category simply checking all the steps was not
sufficient. Each constraint was only useful when performed in the correct order and with
knowledge of what the participant has previously checked. Due to the structure of the category
(see Figure 4-1 - B), successful recall of any one constraint for the relational category would not
allow participants to accurately categorise a number. This structure increased the number of
elements required to be held in working memory at once, in turn making the relational category
have higher element interactivity.

I ran a pilot study to check that each constraint had a similar response time, using this as

a measure of difficulty and participants’ prior knowledge. I found only very small differences in
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response times between the constraints, except for working out the sum of the digits in a number,
which took longer for participants to respond to. To minimise this issue, each category included
either “Digit sum more than 10” or “Digit sum less than 15”. See Table 4-1 for the full list of
constraints.

Table 4-1

Constraints used to form categories

Set one Set two

Digit sum more than 12? Digit sum less than 15?

Less than 800? Even?
Greater than 3007 Not a multiple of five?
0dd? Less than 5007

Note. Table displaying the evaluative statements used to form the numerical categories,
participants learned both sets, one in a linear structure one in a relational structure.

For the main task, I developed the categories to make them as similar as possible. First, it
was necessary to ensure that half of the trials were members of the category and half were not,
because participants either pressed a key to say the trial was a member of the category or another
key to say that it was not. Therefore, answering randomly or only pressing one key throughout
practice would result in 50% accuracy and I could maintain a 50% chance for both category
types. Another important consideration was ensuring that if participants were performing the task

as instructed, they would reach each potential end condition of the flowchart evenly. In the main
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task, across all trials participants checked an average of 3.25 constraints for the linear category
and 2.5 constraints for the relational category, if they were performing the task as instructed.

During the practice trials participants saw the flowchart alongside the number they were
required to check against (see Figure 4-1). They then had to press C or M to categorise the
number as either a member of the category or not. During each session participants completed 26
trials. During the learning and retrieval phases of the experiment when participants got an answer
incorrect they were asked to click where on the flowchart they made an error or forgot the
constraint (see Figure 4-2). I chose to do this as immediate feedback is a potential boundary
condition of the spacing effect (Emeny et al., 2021). The main task of the post-test consisted of
24 additional trials, identical to practice, but with no feedback. Two additional tests were added
for exploratory purposes, however, they provided no insights, so are only reported in the

appendix (see appendix).
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Figure 4-2

Feedback Shown When the Answer was Incorrect

Digit sum
more than
12?2

Greater than
3007

No Yesiip M No

Fonk

Less than 8007

Odd?

vesip €l No

Fonk Not Fonk

118

Incorrect

61/

Is not a Fonk

Please click the box

on the flowchart you

forgot or where you
made a mistake.

Note. Example of feedback seen by participants when incorrectly categorising a number in the

relational task.

To enable comparisons with our previous experimental work (see chapter 3) I used the

same working memory, arithmetic fluency, and mathematics anxiety tasks to measure

participants’ individual differences. I briefly summarised them again, but please see chapter 3 for

a full description. To measure participants’ working memory I employed a forwards and

backwards digit span task based on the Wechsler memory scale - third edition (WMS-III)

(Wechsler, 1997). Arithmetic fluency was measured using the Math4Speed task (Loenneker et
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al., 2022) and participants answered as many addition, subtraction, multiplication, and division
questions as possible (two minutes per arithmetic type). Mathematics anxiety was measured
using the Mathematics Anxiety Scale-UK (MAS-UK) (Hunt et al., 2011), a scale designed to
measure mathematics anxiety for undergraduate students in the UK.
4.1.5 Analysis

I preregistered the analysis plan (https://osf.io/yf4nm) and planned to run a two (spacing:
massed versus spaced) by two (complexity: lower versus higher element interactivity) between-
within subject Mixed ANOVA on accuracy on the post-test. I planned to run the analysis using
both frequentist hypotheses testing methods and using the BayesFactor R package (Morey &
Rouder, 2023) with the default Jeffreys priors to calculate a Bayes Factor for each effect. The
inference criteria for the frequentist statistics were that the p-value must be less than 0.05 for the
effect to be significant.
4.1.6 Results
4.1.7 Descriptive Statistics

This experiment had an attrition rate of 32%. Initially, 117 participants completed the
first session of the experiment and 80 finished overall. Twenty participants in the spaced

condition did not finish, while seventeen participants in the massed condition did not finish.
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Table 4-2
Experiment three descriptive statistics
Overall Retrieval Working Arithmetic
Spacing Complexity
Score Accuracy Memory Fluency
Massed Linear 0.765
0.872 (0.143)
(0.226)

Relational 0.639

(0.203)

Spaced Linear 0.762

(0.231)

Relational 0.629

(0.216)

0.737 (0.172)

0.857 (0.136)

0.744 (0.148)

20.732 (3.860)

19.564 (4.309)

78.366 (25.483)

74.308 (24.628)

Note. Table displaying the mean and standard deviation for the percentage score on the post-test,

retrieval accuracy (the mean percentage accuracy across both practice retrieval sessions) and the

scores on the working memory and arithmetic fluency tasks.

4.1.8 Main Analysis

A two (spaced/massed) by two (linear/relational) mixed ANOVA was performed, with

percentage accuracy on the post-test as the dependent variable (see Figure 4-3). There was no

significant main effect of spacing, F(1,78) = 0.032, p = 0.859, n? < 0.001 (BF10 = 0.222). The

percentage overall score on the post-test was not significantly different in the spaced (M = 0.696,
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SD = 0.232) than the massed condition (M = 0.702, SD = 0.223). There was a significant main
effect of complexity, F(1,78) = 17.180, p < 0.001, n? = 0.082 (BF1o = 483.040). The percentage
overall score on the post-test was significantly higher in the Linear (M = 0.764, SD = 0.227) than
the Relational condition (M = 0.634, SD = 0.208). There was no evidence of an interaction

between spacing and complexity, F(1,78) = 0.011, p = 0.918, n? < 0.001 (BF10 = 0.413).



Spacing and Task Complexity in Mathematics Learning 122

Figure 4-3
Experiment Three: Post-test Performance After Massed versus Spaced Practice by Complexity

Condition

Massed Spaced
p = 0.859

! 0=0833

p =0.946

100.0% 1 I i

50.0% 1

Percentage score on post-test

0.0%

Linear Relational Linear Relational

Spacing Note. A

boxplot showing the percentage score on the post-test by spacing condition and complexity
(linear versus relational category). The dashed line denotes chance at 50%.
4.1.9 Exploratory Analysis
Individual difference measures
There were no significant differences between the two groups that may have biased the

final results (see Table 4-3).
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Table 4-3

Experiment three exploratory variables t-test

Statistic ~ d.f. p p.adj

Arithmetic Fluency 0.72 7798 0.47 1.00

Retrieval Accuracy  0.47  78.00 0.64 1.00

Working Memory 1.27  76.06 0.21 0.62

Note. Table displaying the results of t-tests to investigate if there were any significant differences
between massed and spaced groups for experiment three. The p values were adjusted using the
Bonferroni correction.
4.1.10 Discussion

I found no evidence of a spacing effect. This contrasts with the results in chapter 3 where
participants learnt procedures and benefited from an identical spaced practice schedule. For the
linear condition, participants appeared to be performing the task properly. Performance was high
and above chance. For the relational condition, participants may have not been performing the
task properly or may not have understood the task’s instructions completely. There was a ceiling
effect in the linear condition, however the distributions across the spacing condition were very
similar. I would have hypothesised a much stronger ceiling effect in the spaced condition given
the massed data.

[ also ran exploratory analyses to check for relationships between the accuracy in either
the cued recall or recognition tasks (see Appendix). No significant effects were seen in these

analyses. There were no significant between group differences for working memory, retrieval
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accuracy or working memory. Exploratory correlation analyses suggested no significant
relationship between any individual difference measure and post-test performance, as these
analyses provided little theoretical insight they were not included.

If higher element interactivity is a boundary condition of the spacing effect, then one
reason [ may have not gotten a spacing effect in either condition could be that both the linear and
relational categories were too high in element interactivity. Both tasks require the participant to
hold constraints in working memory while checking other constraints and could have put too
high a load on working memory, in contrast to the procedures used in chapter 3.

Alternatively, the constraints used in the two categories were very similar, which could
have led to high levels of interference across the two conditions. In our meta-analysis, isolated
material had a larger mean effect of spacing than material embedded in a course, in which recall
of one item may have interfered with the recall of another (see chapter 2). If this were the case
this could be an important boundary condition of the spacing effect and impact interleaving
techniques, which has not previously been considered a boundary condition in the mathematics
learning and spacing domain (Emeny et al., 2021).

In experiment four I compared a category learning task to a procedure learning task. If
the linear category in experiment 3 was too high in element interactivity for spacing to be
effective, then I would expect the linear category to not benefit from spacing when it is learnt
alongside a procedure in experiment 4. In contrast, if I did not get a spacing effect because of

high interference then the linear category may benefit from the spacing effect in experiment four.
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4.2 Experiment Four
4.2.1 Method

I used an identical experimental design to experiment three, but I changed the material
participants were taught and how it was displayed (see Figure 4-4). The reasons for this change
are explained in the materials section below. Participants learnt one five-step procedure (adapted
from experiment two) and an adapted five-constraint linear category employed in the previous
experiment.
4.2.2 Participants

[ used the same experimental design as before, so planned to recruit a minimum of 68
participants (34 per condition) to achieve adequate power to detect the main effects but would
require more than 200 participants to detect a medium interaction which was not feasible at this
stage in the project. The average age of the participants was 27 years old (SD = 9.48 years).
Forty-six participants identified as female and twenty-four as male. Participants were recruited
through prolific (https://www.prolific.com/) and gave informed consent.
4.2.3 Material
Explicit Category Learning

I moved from a four-constraint category to a five-constraint category to make the task
more difficult, to reduce performance, and enable any spacing effect to be viewed more clearly.
In experiment three, for the four-constraint category each session had 24 trials, however, in
experiment four the five-constraint category had 20 trials. I expected that decreasing the number

of practice trials would reduce performance in the category condition.
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Figure 4-4

Experiment Four: Learning Phase

(A) (B)
Check the following constraints, if they are all true Apply the five-step procedure to the numbers:
then the number is a Fonk, otherwise the number is 10and 2
not a Fonk. The five step procedure is:

1. Even? 1. Add together

2. Digit sum more than four? 2. Divide by three

3. Not a multiple of five? 3. Subtract one

4. Greater than 2007 4, Square the number

5. Less than 9007 5. Multiply by ten

925 is a Fonk The answer after step 5is 40

| Press C for True and M for False | Press C for True and M for False

Note. Examples of the screens participants may have seen during the learning phase. In the
retrieval phases and post-test participants would see the same screen without the steps/constraints
available.
Learning arithmetic procedures

I used the five-step procedure from experiment two (see Figure 4-4 - A). It required
participants to learn to apply five arithmetic steps to a pair of numbers. During the experiments
in chapter 3, participants answered each trial by typing their answer as a number. As the category
learning task has a chance level of 50%, I wanted to change how participants answered the
learning arithmetic procedures task to reflect that. In the current experiment I provided
participants with a number, which was either the correct or incorrect answer, and participants had
to provide a binary response whether it was the correct answer or not. This change allowed for
both tasks to consist of a binary choice and minimised the differences between the two tasks (see

Figure 4-4).
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Participants were asked whether the answer was correct after a certain step or after the
completion of all the steps. The number of steps and constraints needed to be checked was
matched across the two tasks. This allowed us to match the number of steps required to check the
answer to the number of constraints participants would be required to check (if they followed the
checking procedure in the order provided) and use that to classify the number without having to
check in the original order.

4.2.4 Results

This experiment had an attrition rate of 23%. Initially, 90 participants completed the first
session of the experiment and 69 finished overall. Twelve participants in the spaced condition
did not finish, while nine participants in the massed condition did not finish.

4.2.5 Descriptive Statistics
Table 4-4

Experiment Four Descriptive Statistics

Overall Retrieval Working Mathematics Arithmetic
Spacing Task
Score Accuracy Memory Anxiety Fluency
Massed Procedure  0.858 0.921
(0.102) - (0.069) 19.800 46.743 82.886
Category  0.792 0.893 (5.556) (18.454) (27.931)
(0.2) (0.142)
Spaced Procedure  0.913 0.832 22.057 49.829 78.857
(0.083) (0.169) (4.518) (17.154) (31.746)
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Overall Retrieval Working Mathematics Arithmetic
Spacing Task
Score Accuracy Memory Anxiety Fluency

Category 0.913 0.861

(0.121) (0.098)

Note. Table displaying the mean and standard deviation for the percentage score on the post-test,
retrieval accuracy (the mean percentage accuracy across both practice retrieval sessions) and the
scores on the working memory, mathematics anxiety, and arithmetic fluency tasks.
4.2.6 Main Analysis

When I analysed post-test performance seven participants (five spaced, two massed) were
identified as extreme outliers with low performance (SD > 3) and were removed as planned in
the pre-registration. Additionally, there were concerns with heterogeneity of variance and
normality of the underlying distribution. To address these concerns, I performed the planned
standard mixed ANOVA (with outliers removed), followed by a robust ANOVA on the trimmed
means (using the total dataset), which as an analysis is more robust to a lack of normality,
heterogeneity, and outliers. First, [ performed a two (spaced/massed) by two
(category/procedure) mixed ANOVA, with percentage accuracy on the post-test as the dependent
variable (see Figure 4-5). There was a significant main effect of spacing, F(1,61) =9.578, p =
0.003, 7% = 0.099 (BF10 = 11.617). The percentage overall score on the post-test was
significantly higher in the spaced condition (M = 0.913, SD = 0.103) than the massed condition
(M =0.825,SD =0.161). There was no significant main effect of task, F(1,61)=2.997, p =
0.088, 7% = 0.015 (BF10 = 0.815). The percentage overall score on the post-test was numerically

lower in the category (M = 0.850, SD = 0.177) than the procedure condition (M = 0.884, SD =
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0.097). There was no significant interaction between spacing and task, F(1,61) =2.997, p =

0.088, 7% = 0.015 (BF10 = 0.920). The model with the strongest Bayesian evidence was the

model that included both the Spacing and Spacing:Task interaction (BFio = 12.067).

Figure 4-5

Experiment Four: Post-test Performance After Massed versus Spaced Practice by Task

Condition

Percentage score on post-test

100.0% 1

50.0% 1

0.0%

Massed Spaced

*%

Procedure Category Procedure Category

Spacing

Note. A boxplot showing the percentage score on the post-test by spacing and task conditions.

The dashed line denotes chance at 50%. The significance stars represent: * p <.05, ** p <.01,

% p < 001,
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Second, I performed the Robust ANOVA using the WRS2 (Wilcox, 2012) R package.
These results mirrored the traditional ANOV A, showing a significant main effect of Spacing (see
Table 4-5).
Table 4-5

Experiment Four - Robust ANOVA

dft  df2 Q P

Spacing 1 32.066 4.650 0.039

Task 1 31.790  1.458  0.236

Interaction 1 31.790 3.376 0.076

Note. Table displaying the results of the robust ANOVA using 20% trimmed means via the
WRS2 R package.
4.2.7 Individual Difference Measures

I again tested for differences between the two groups for the individual difference
measures. In contrast to experiment three, retrieval accuracy was significantly higher in the
massed group during practice than the spaced group (see Table 4-6).
Table 4-6

Experiment Four Exploratory Variables t-test

Statistic  d.f. p p.ad

Arithmetic Fluency 0.56 6692 0.57 1.00
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Statistic  d.f. p p.adj

Mathematics Anxiety -0.72  67.64 0.47 1.00

Retrieval Accuracy 290 4495 0.01 0.02

Working Memory -1.86  65.28 0.07 0.27

Note. Table displaying the results of t-tests to investigate if there were any significant differences
between massed and spaced groups for experiment four. The p values were adjusted using the
Bonferroni correction.

4.2.8 Follow-up Analysis

Due to the ceiling effect in experiment four I decided to gain ethical approval to run a
follow up study to track performance after a longer timescale. Two weeks after each participant
finished the initial post-test they were presented with another post-test with the exact same
procedure, but different numbers. Participants were told that it was optional and that they did not
have to take part. Twenty-one participants originally assigned to the massed condition returned
alongside twenty-five participants in the spaced condition. This group of participants had a mean
age of 28.48 years (SD = 10.38) and twelve of the participants identified as male.

I ran the same analyses as I did for the initial post-test. A two (spaced/massed) by two
(category/procedure) mixed ANOVA was performed, with percentage accuracy on the post-test
as the dependent variable (see Figure 4-6). There was a significant main effect of spacing,
F(1,44)=17.908, p = 0.007, n? = 0.106 (BF10 = 8.057). The percentage overall score on the post-
test was significantly higher in the spaced (M = 0.866, SD = 0.127) than the massed condition (M

=0.765, SD = 0.173). There was a significant main effect of task, F(1,44) = 4.470, p = 0.040, n?
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=0.033 (BFi0 = 1.654). The percentage overall score on the post-test was significantly lower in
the category (M = 0.793, SD = 0.190) than the procedure condition (M =0.847, SD =0.111).
There was no evidence of an interaction between spacing and task, F(1,44) = 0.157, p = 0.694,

n?=0.001 (BFio = 1.541).
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Figure 4-6

133

Procedure Versus Category - Main Effect of Spacing (Two Weeks Later)

Massed Spaced
*%
[ s |
[ |
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o
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Procedure Category Procedure Category

Spacing

Note. A boxplot showing the percentage score on the post-test by spacing condition and number

of steps in the procedure. The dashed line denotes chance at 50%. The significance stars

represent: * p <.05, ** p <.01, *** p <.001.

Again, the homogeneity of variance assumption to run the ANOVA was not met, so [

followed up with a robust ANOVA using the WRS2 R package (see Table 4-7).



Spacing and Task Complexity in Mathematics Learning 134

Table 4-7

Experiment Four — Follow-up - Robust ANOVA

dfl  df2 Q P

Spacing 1 23.105 5.189  0.032

Task 1 21.636  2.614 0.120

Interaction 1 21.636 1.529 0.230

Note. Table displaying the results of the robust ANOVA using 20% trimmed means via the
WRS2 R package.
4.2.9 Discussion

In experiment four, I compared spaced versus massed practice across two tasks.
Participants learnt a procedure, similar to the one used in experiment two (with the answer
format changed from short answer to whether a provided answer was correct) and a version of
the linear category used in the previous experiment (with an extra constraint). I found a
significant main effect of spacing, but no significant effect of task nor a significant interaction,
however, the interaction between spacing and complexity was closer to significance than in all
other experiments in this thesis. Due to monetary, time and resource constraints inherent to a
PhD project and this experiment’s placement at the end of the PhD project I did not power for
the interaction term. This result supports the previous findings that spacing can be a useful
technique to improve the learning of mathematics procedures. I first ran the preregistered
analysis; however, two assumptions were violated, homogeneity of variance and the presence of

outliers. To minimise the effect of these issues, I ran a robust ANOVA on the trimmed means.
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These results supported each other, and I have reported them both for transparency. This analysis
also aimed to negate the effect of the ceiling effect by removing values at ceiling.

I set prolific up so that participants were supposed to be similarly matched to the sample
in experiment three, however, while all participants claimed to be current UK based
undergraduate students, over 18 years of age, the mean age was around 27 years old, in contrast
to experiment three, where the participants had a mean age closer to 20. There was also a much
larger spread of ages with the standard deviation of 9.48 years for experiment four as opposed to
1.71 for experiment three. It was possible that participants on prolific were more likely to be
mature students, however, this may also be an example of inaccurate screening on prolific where
participants did not remove their student status after graduation. There is mixed evidence that
age may affect the efficacy of the spacing effect, with some studies finding that it doesn’t
interact (Bercovitz et al., 2017; Kornell et al., 2010) and others finding evidence that age may
reduce the magnitude of the spacing effect in verbal materials (Balota et al., 1989; Simone et al.,
2013). As I found a spacing effect in both conditions and had high performance this was unlikely
to be an issue, however, perhaps I may have found larger spacing effects in a younger population
which in turn may have made finding an interaction more likely.

I found that participants’ average performance across all practice trials was significantly
better in the massed condition than in the spaced condition. This trade-off for lower performance
during initial practice that leads to poorer performance after a delay is typical in spaced practice
studies (Walsh et al., 2018) , indeed sometimes massed practice is still more effective for short
intervals such as a week instead of four weeks (Rohrer & Taylor, 2006). This phenomenon was
not observed in experiment three or either of chapter 3’s studies where practice performance did

not significantly differ across groups. Prior studies looking at mathematics and spacing found
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that the increased fluency participants in the massed group felt during practice led to
overconfidence in how well they would perform on a later test, with respect to participants in the
spaced condition (Emeny et al., 2021). Participants in the massed group in this experiment could
have been overconfident, leading to them paying less attention to the later questions or perhaps
rehearsing less once the practice has finished. I found no significant differences between the
massed and spaced group for the other individual difference measures: Arithmetic Fluency,
Mathematics Anxiety or Working Memory.

The results were hindered by a ceiling effect. I tried to avoid this during development of
this material by reducing the number of practice trials and adding an additional constraint to the
category learning task, however, it was not sufficient. Alternatively, for the procedure, the
ceiling effect could be due to the changes in how the material was presented. In chapter 3 I
required a short answer from participants after they completed each trial. I chose to do this to
make the task more comparable to learning the category.

The follow up study, two weeks after the initial post-test, found significant effects of
spacing and task, but no interaction. However, this analysis was also potentially unreliable due to
heterogeneous variance between conditions. In contrast, the robust ANOVA found a significant
main effect of spacing, but no significant effect of task nor a significant interaction. This follow
up study was intended to allow for forgetting and reduce performance. Many participants were
still close to ceiling, particularly in the spaced condition. Interestingly the main effect of spacing
was retained, but analyses suggested that this was no longer significant for the procedure task,
but just for the category task. An important clarification was that the massed condition was no
longer truly massed in this case as they took the second post-test two weeks after their first, so

both had some spaced practice, albeit without feedback.
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4.3 General Discussion

The aim of the two experiments presented in this chapter was to investigate the effect of
task complexity on spaced practice in mathematics learning. While the previous experiments in
chapter 3 manipulated the number of steps in a procedure, varying the total number of elements
required to be recalled, in experiments three and four I sought to manipulate element
interactivity. I did this by ensuring that the number of elements needed to be recalled was
constant; and instead, varied how the material was structured. Experiment three compared the
structure of two different categories, while experiment four compared a category learning task to
a procedure learning task.

In experiment three, I taught participants two categories. The rules were available to
participants during practice and feedback was provided. I found no effect of spacing in either the
linear or relational category condition. This was particularly surprising in the linear condition as,
using the same spacing schedule (see chapter 3), I found large effects of spacing for procedures
of similar length. This led us to think that perhaps even the lower complexity condition may have
been too high in element interactivity for spacing to be effective or that there was too much
interference between the two category structures. To investigate whether interference or task
complexity was the cause of the lack of a spacing effect I next compared the linear category task
to the five-step procedure used in chapter 3.

In experiment four, I compared a five-step procedure (previously used in experiment two)
to a five-constraint linear category. I found a significant main spacing effect, but no significant
effect of task nor a significant interaction. The spacing effect was significant in the procedure
condition providing further evidence that spacing was effective for learning mathematics

procedures, however, there was also a significant spacing effect in the category condition in
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contrast to experiment three. The overall pattern of the data hints that spacing may have been
more effective for the procedure than the category, however, this was not significant and there
was no Bayesian evidence to support this. The effect size of the interaction effect was greater in
this experiment than any other during the PhD, suggesting that this may be the best avenue to
pursue in the future.

There were three changes to the linear category task from experiment three to experiment
four. First, in experiment three the linear category was learnt alongside a relational category task,
both tasks used very similar constraints making interference between the two very likely, while
in experiment four the steps in the procedure were distinct from the constraints needed to be
checked in the category, making interference less likely. Second, the constraints were presented
as a list instead of a flowchart. Perhaps the list was easier to integrate as the items were spatially
closer together and not in separate boxes. Third, the number of constraints increased from four to
five.

There were two factors that may have diminished the ability to find the spacing by task
interaction. First, the experiment had low power to detect the interaction. Recent experimental
design best practices suggest that to adequately power for an interaction requires hundreds of
participants, and I did not predict that the effect would fully reverse but instead merely attenuate
which further increases power requirements (Button et al., 2013; Sommet et al., 2023). First, |
did not have the resources to run a fully powered study at this stage of the PhD. Second, there
were ceiling effects present across both experiments. Despite the attempts to reduce the chance
of too high performance participants were still close to ceiling in all conditions, this may have
hidden the interaction effect. As I needed 20 trials per session for category learning

counterbalancing, I had 20 trials for the learning arithmetic procedures task, for parity. This was
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double the number of trials participants completed in chapter 3, however, as participants were no
longer required to input a number and instead choose correct or not, I thought the additional
trials would provide a better granularity of performance as chance changed from close to zero to
50%. This may however have led to increased performance. In the future, with more time and
resources, it would be better to do more extensive piloting to find the minimum number of trials
to retain reasonable performance in the post-test, without being at ceiling. Alternatively, practice
to criterion could be used. I chose to control the exact amount of practice used in these studies,
rather than to criterion, as the deficient processing account of the spacing effect suggested that
the amount of practice trials would affect the efficacy of spacing as massed practice would not
benefit from further practice once a certain level of performance was reached. I decided to err on
the side of too much practice as I believed this would be the best chance to see a spacing effect,
considering the deficient processing account (Delaney et al., 2010; Greene, 1989), and capture
any interaction. While the ceiling effect caused problems with the statistical analysis there is also
some evidence that spacing is less effective for high-performing participants, instead benefiting
medium performers the most (Barzagar Nazari & Ebersbach, 2019), there was not however
enough evidence to support this in the meta-analysis in chapter 2.

Alternatively, spacing may not interact with task complexity when operationalised as
element interactivity. To have more confidence in this claim, further research could focus on
reducing interference between the tasks, perhaps by maintaining the structure of the relational
versus linear categories but varying the surface features of the task. For example, one category
could categorise a number, as participants were required to do in this study, while the other
category could define whether a shape was a member of the group. An example constraint could

be whether the shape has a right angle, in contrast to the constraints used in this study such as “is
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the number even?” This would reduce the effect of interference while retaining the structure of
the categories and could be counterbalanced to control for the effect of these surface features. I
initially considered implementing this manipulation; however, I considered it to be too far
removed from the experiments in chapter 3.
4.4 Conclusion

I tested two novel manipulations of task complexity. Experiment three was the first time [
failed to find a main effect of spacing during the PhD project. Neither the linear nor the relational
category learning tasks benefited from spaced practice versus massed practice. However, in
experiment four the linear category did benefit from spaced practice. The linear category in the
second experiment varied slightly from the first as it was designed to better match the procedure
task, however the largest difference was that it was learnt alongside a procedure instead of
another similar category. In both experiments the complexity or task manipulation did not
interact with the effect of spacing, however, the effect size of the interaction was greater in
experiment four than any other manipulation. Future research should explore the differences
between the effectiveness of spacing for low and higher element interactivity material but should

ensure that the surface features of the tasks are distinct, limiting the potential interference.
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4.5 Appendix

Experiment three Secondary Post-tests

Participants additionally completed a task where they were asked to retrieve each
constraint using a labelled flowchart as a cue, the cued-recall task (see Figure 4-7- A) and a
recognition task which asked them to choose whether a cue belonged to the fonk category, jib
category or was a new constraint not used in the task (see Figure 4-7 - B).
Figure 4-7
Participants completed additional trials identical to their practice trials, and a cued recall of

constraints task (A) and recognition of each constraint task (B)

(A) (B)

Was this constraint used to define
a Fonk, a Jib or neither

Yesifp  4lNo

()]
ves iy N0 Yesip fNo Even?
:Not Fonk Fonk .
(4)
Yes‘ ‘No
| Fonk | [Not Fonk| F Space J
Fonk Neither Jib
What was constraint (1)? ]m Cl_le tO add text

For the cued recall task, participants had to provide a short answer when prompted with
either the linear or relational flowchart. Participants were given one point if the constraint
belonged to the category and one point if it was in the correct location. Each category consisted

of four constraints for a total of 8 points. There was no significant effect of Spacing (F(1, 76) =
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1.188, p =279, n* = 0.011, BF10 = 0.406), Complexity (F(1, 76) =0.173, p = .678 , n* < 0.001,
BF10 = 0.192) or an interaction between spacing and complexity (F(1, 76) = 0.328, p = .569, n? <
0.001, BF10 = 0.274) (see Figure 4-8).

Figure 4-8

Experiment Three: Cued Recall Task Performance After Massed Versus Spaced Practice By

Complexity Condition
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Note. A boxplot showing the percentage score on the cued recall task by spacing condition and
complexity (linear versus relational category).

Accuracy on the recognition task was high (see Figure 4-9) and there were no significant
differences in performance between the massed and spaced groups (¢t =-0.163,,d.f. =75.11,p =

0.870, 95% CI =[-0.097, 0.082]). I also separated the types of mistakes participants could have
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made. Mistakes were either category based (i.e. they stated that a constraint from the linear
category was from the relational category) or old/new mistakes (““i.e. they responded that they
recognised a constraint they had never seen before) (see Figure 4-10). The types of mistakes
participants made across spaced versus massed conditions were very similar and not insightful.
Figure 4-9

Experiment Three: Accuracy on the Recognition Task by Spacing Condition
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Note. A boxplot showing the percentage score on the recognition test by spacing condition.
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Figure 4-10
Experiment Three: Breakdown of Correct Answers versus the Types Of Mistakes Participants

Made During Recognition Task by Spacing Condition

Mistake-type composition by spacing

Mistake Type . Category . Correct . Old/New

100% -

75% -

50% -

Share within spacing group

25% -

0% -

Massed Spaced

Note. A boxplot showing the percentage score on the recognition test by spacing condition.
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5 General Discussion

I will first reiterate the aims of this thesis, then I will summarise the key findings from
each chapter. Following this, I will discuss key themes that persisted throughout the thesis with a
focus on retrieval during practice, individual differences, interference, and task complexity.
Finally, I will provide an overall conclusion to the thesis.

The aim of this thesis was to investigate whether task complexity interacted with the
spacing effect. I chose to investigate massed versus spaced practice as distributing practice is one
of the top recommendations for educators to improve learners’ retention over a longer period. It
is frequently recommended by cognitive psychologists (Carpenter et al., 2012; Latimier et al.,
2021), governments (Ofsted, 2021), and used in educational technology (Brown et al., 2021). For
verbal facts and lists of words, there is considerable evidence for optimal spacing routines and
accurate predictions of forgetting for remembering a series of isolated facts (Cepeda et al., 2008;
Pavlik & Anderson, 2008; Walsh et al., 2022), however, none of these models account for
differences in the complexity of the material. As a practical example, when a student is planning
their revision should a new times table fact, such as “12 x 11 = 132", be practised again as soon
as learning a new rule in calculus such as the chain rule? As current verbal theories and models
of the spacing effect do not make clear predictions as to how task complexity may affect the
efficacy of spacing, it is not currently possible to make such a recommendation.

Before a school can confidently, and purposefully, space practice across a curriculum, or
an edtech platform can create an effective personalised study schedule for each student, four
questions need to be answered:

1. Is spacing effective for complex material?

2. What aspects of the task or material increase complexity in a way which affects spacing?
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3. If spacing is still effective, how does complexity affect the optimal spacing of material?
4. When spacing multiple learning objectives. How does spacing affect material that has
links between the elements to be learned?

In this thesis I aimed to answer the first two questions. First, the experimental results
alongside the meta-analysis provide strong evidence that spacing can be effective for learning
mathematics, but more research needs to be done to show that testing is effective for
mathematics relative to restudy. Across the four experiments presented in this thesis, I found no
evidence that changes to procedural complexity or element interactivity interacted with the
spacing effect.

5.1 Chapter 2 Summary

Chapter 2 presented a meta-analysis (published in Educational Psychology Review)
assessing whether spaced practice, retrieval practice, or the combination of the two learning
techniques are effective for learning mathematics. After running the initial search, it was
apparent that there was insufficient evidence to address whether the combination of spacing and
retrieval was effective for mathematics learning. While completing the meta-analysis I
endeavoured to follow current best practices including pre-registration, I followed PRISMA
guidelines (Page et al., 2021), used Covidence for reproducibility (Covidence Systematic Review
Software, 2023), reported heterogeneity, and I accounted for the fact that most studies provided
multiple effects using Robust Variance Estimation (Pustejovsky & Tipton, 2022). These steps
helped to ensure that the results and conclusions were as valid as possible and should help with
any future replications of the meta-analysis.

There was limited evidence for the efficacy of retrieval practice rather than restudying

materials in mathematics learning. The search revealed seven studies for mathematics learning
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that compared restudy versus testing and while there was a positive mean effect it was not
robust, and the 95% confidence interval crossed zero. Given the substantial number of successful
testing effect studies in other domains such as verbal learning, I did not conclude that this result
suggested testing was not effective for mathematics learning. Instead, I suggest that this result
highlights the need for future studies involving testing and mathematics to confirm that it is a
robust effect. Another meta-analysis, with broader search parameters found 12 other papers not
included in this study with different control conditions other than restudy (including testing
versus no activity, testing versus elaborative strategies or more versus fewer test questions),
suggesting that alternate research questions have been of greater interest to prior researchers
(Yang et al., 2021). Perhaps prior researchers assumed the testing effect would hold for
mathematics material and moved to questions of more or less testing or when testing occurs,
before checking the robustness of the testing effect for mathematics material. My meta-analysis
shows, however, that there is still a need for fundamental research into the testing effect and
mathematics learning and it would be valuable to provide sufficient evidence for its adoption on
a larger scale. For these future studies, the testing versus studying worked examples approach, as
used by Yeo and Fazio (2019), would be a good approach to fill this gap.

Overall, spaced practice was effective for mathematics learning, with a small to medium
effect size, however, the search revealed two distinct task designs that researchers employ when
conducting research into distributed practice and mathematics learning. Participants either learnt
the required information in isolation or as part of a course alongside other material. When
material was taught in isolation the effect was larger, possibly due to increased control under lab
conditions, while the weighted mean effect was lower for material presented as part of a course,

perhaps due to interference between items. Due to the sample size, the potential moderating
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factors could not inform why isolated material benefits more from spaced practice or help to
account for the large spread of effect sizes. I concluded that spacing was effective for
mathematics learning.
5.2 Experimental Work: Spacing Effect and Task Complexity

Chapters 3 and 4 describe the results of four experiments designed to investigate how the
spacing effect changes when different aspects of task complexity are manipulated (see Figure
5-1). Across all experiments I employed the same spacing schedule. I compared massed practice,
where participants completed all the practice trials in a single session, with spaced practice,
where participants completed the practice trials distributed evenly over three consecutive days.
There was then a final session, after a seven-day delay, during which participants completed a
post-test. Previous studies had issues where participants in the spaced condition had greater
attrition which could have introduced a bias into the study (Barzagar Nazari & Ebersbach, 2018).
To minimise this potential bias all participants completed the four sessions and working memory,
arithmetic fluency, and maths anxiety measures were organised to pad the days when massed
participants did not complete the main task.

Across all experiments the main analysis was designed to detect a main effect of spacing
(i.e., was there a significant difference between spaced and massed practice?), a main effect of
Complexity/Task (i.e., was there a significant difference between the complexity or task
conditions?) and finally whether there was a significant interaction between Spacing and

complexity (i.e., was spacing more or less effective in one complexity condition or the other?).
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Figure 5-1

Overview of Experimental Work
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5.2.1 Chapter 3 Summary

Chapter 3 describes the results of two experiments where I varied the number of steps in
mathematics procedures and compared a massed versus spaced practice schedule. These
experiments were the first spacing studies to attempt to vary complexity within a mathematics
learning task. I used procedures consisting of a series of arithmetic steps (i.e., “add the two
numbers together” or “divide the answer by three”). The artificial nature of the procedures made
the experiment less ecologically valid, but minimised the effect of prior knowledge, intending
that the only change was the procedural complexity (the number of steps in the procedures).

I initially compared a two- versus three-step procedure in experiment one, before

comparing a two- versus five-step procedure in experiment two. In experiment one, I found a
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significant main effect of spacing, but I did not find a significant effect of complexity, nor a
significant interaction effect between the two terms. This suggested that an additional step was
not sufficient for a difference in complexity to be detected, so I added two extra steps to the
complex condition for the next experiment. In experiment two, comparing a two- versus a five-
step procedure, I found both a significant main effect of spacing and complexity, but no
significant interaction effect between spacing and complexity. These results suggest that spacing
is robust to changes in procedural complexity and another measure of complexity may be more
important for educators to consider.
5.2.2 Chapter 4 Summary

Chapter 4 drew on research that was published during data collection of experiments one
and two. Chen et al. (2023) published an article which provided an in-depth definition for
element interactivity, which had previously been critiqued for not being sufficiently well
operationalised (Karpicke & Aue, 2015). Furthermore, Chen et al. (2024) published a series of
experiments exploring how element interactivity interacted with a version of the spacing effect
they dubbed the resting effect. They found mixed results that showed a spacing effect when
element interactivity was high (which they suggested was due to participants being able to
recover working memory resources during rest) and when it was low (which they suggested was
due to participants being able to rehearse the information during rest). In their third and fourth
experiment, where they compared spaced and massed practice with high and low element
interactivity, they used the same material and instead manipulated the expertise of participants.
They had one expert group (low element interactivity) and a novice group (high element
interactivity). I aimed to further this research in two ways. First, I wanted to find a task where I

could manipulate element interactivity directly instead of manipulating participants’ prior
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knowledge. I did this by having participants learn two categories, a linear category, where each
constraint could be learnt in isolation (low element interactivity) and a relational category, where
each constraint was only useful when other elements were taken into consideration (high element
interactivity). This was a useful next step as in Chen et al. (2024) ’s experiment the expert and
novice groups may have had a large variation in prior knowledge, while this material was
designed so that each participant should have equal knowledge of the individual elements and
only the structure of how elements are linked together was varied. Second, I used longer inter-
session intervals and retrieval intervals. This is useful as shorter retrieval intervals can be a
boundary condition of the spacing effect and at short intervals massed practice may be superior
to spaced practice (Rohrer & Taylor, 2007).

I hypothesised that the linear category would benefit from spacing while the relational
category would not because of the prior research showing that higher complexity leads to
reduced efficacy of spacing (Donovan & Radosevich, 1999). While the working memory
resource depletion hypothesis (Chen et al., 2024) would instead suggest that the relational
category would benefit more from spacing as the intervals between the sessions would allow for
working memory resources to be restored and lead to greater subsequent learning. In contrast to
either hypothesis, neither the linear nor relational category benefited from spaced practice
relative to massed practice. I suggested two reasons for this, either both categories were too high
in element interactivity to benefit from spacing, in comparison to the procedures task used in
chapter 3, or there were high levels of interference between the two category learning tasks that
hindered learning.

In experiment four, participants were taught a five-step procedure (adapted from

experiment two) and a five-constraint linear category (adapted from experiment three). This time
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I found a significant effect of spacing across both task conditions, but not a main effect of task or
an interaction between spacing and task (although it had the largest effect size of all the other
experiments). This suggests that in experiment three the linear category in experiment one was
not too high in element interactivity to benefit from the spacing effect, but instead it was the fact
that it was learnt alongside the relational category. Following these two experiments I can make
no strong statements about whether element interactivity interacts with the spacing effect.
Furthermore, future experiments should avoid learning material where there is likely to be a lot
of interference, manipulating the structure of the material while changing and counterbalancing
the surface features of the task. Alternatively, researchers could explicitly manipulate the
material so that there is a high interference condition and a low interference condition to see if
this a potential boundary condition for the spacing effect in mathematics learning.
5.3 Theoretical and Methodological Considerations

After summarising the results of the meta-analysis and two experimental chapters I will
now focus on four key themes that persisted across the thesis. First, I will discuss the role of
retrieval during practice in mathematics learning and whether I saw the trade-off between lower
early performance and greater long-term retention typical in spacing studies. Then, I will discuss
the individual difference measures I tracked across the experiments. Next, I will expand on
interference as the explanation for why I did not see a spacing effect in experiment four before a
final discussion of task complexity and presenting overall conclusions.

Retrieval Accuracy on the Practice Trials. During data extraction of the meta-analysis,
it was difficult to understand whether the included studies required participants to actively
retrieve the material from memory or allowed them to use external aids, such as notes, examples,

or prior work. As participants’ retrieval of the material after initial acquisition is key to the
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study-phase account of the spacing effect (Thios & D’Agostino, 1976), this seemed important
and was one of the key ways the meta-analysis informed the design of the tasks used in chapters
2 and 3. Across all the experiments presented in this thesis, I wanted to ensure that after the
initial learning phase participants would be required to retrieve the information. I asked
participants not to write anything down and, after the initial learning session, participants could
not see the procedure/category they were trying to learn on screen. However, participants were
given feedback if incorrect, so after the first question participants may have seen the
procedure/category again. If that was the case then they only had to rehearse the
procedure/category in working memory, rather than recall from long-term memory, but this is
still more explicit than many prior studies and something that should be included in mathematics
learning and spacing research going forward. Furthermore, it would be difficult to rehearse the
whole procedure or category at once. One way to test whether feedback reduces the efficacy of
ensuring retrieval during practice could be to add a distractor between each practice trial so that
participants cannot maintain the procedure or category in working memory, however this was not
feasible in my experiments due to time constraints. I think that being explicit about what
participants had to retrieve and when they were able to follow an example was an important
methodological improvement.

Spacing did not routinely lead to poorer practice performance when compared to massed
practice in three out of the four experiments presented in this thesis. Spacing practice has been
described as a desirable difficulty, a learning technique that makes practice more difficult to the
benefit of future learning and retention (Bjork & Bjork, 2020; Lyle et al., 2022). It is often a
trade-off between poorer initial performance and greater future performance. Indeed, in

experiment four I found that retrieval accuracy during practice was significantly higher in the
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massed condition than in the spaced condition. This creates a potential danger when spacing
practice in the classroom as students find it more difficult and may perform worse, reducing their
confidence. In contrast, in experiments one, two, and three there was no significant difference in
retrieval accuracy between spacing conditions. This is positive as participants benefited from
spaced practice in experiments one and two while not suffering reduced performance during
practice. However, as participants in the spaced condition in experiment four did find their
practice more difficult, this highlights the importance of ensuring that students understand why
they are being asked to space their practice, that it will be more difficult, but that it will help
them to learn.

Individual differences. Across my four experimental studies I measured participants’
working memory capacity (WMC), measured using forwards and backwards digit span tasks,
arithmetic fluency, and mathematics anxiety (excluding experiment three where mathematics
anxiety was omitted). For each experiment, there were no significant differences in participants’
working memory capacity or arithmetic fluency between the massed and spaced groups. This
suggests that the differences in participants’ final performance were due to the spacing
manipulation, not a bias introduced through our sampling of participants. For each experiment I
ran exploratory analyses to detect whether any of the individual difference measures were
significant covariates, in each case they were not significant. As these analyses were exploratory,
they provided no potential insights, and I did not have sufficient power to detect small effects, I
did not include them in the thesis, but the data and code to run them is available in the
supplementary materials.

While it did not appear to have an effect in the studies presented in this thesis, there is

some evidence to suggest that spacing may benefit participants with higher WMC more than
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those with lower WMC (Bui et al., 2013), however, other results suggest that participants with
higher WMC simply perform better on memory tests and higher WMC has an additive effect on
performance and does not interact with the spacing effect (Delaney et al., 2018). Overall, while it
is reasonable to expect participants with higher WMC to perform better on more complex
material, I found no evidence that this is the case. If a future study finds a manipulation of task
complexity that significantly affects the efficacy of spacing, then an additional high-powered
study with multiple measures of working memory capacity would provide a better understanding
of the relationship between WMC and the spacing effect.

In each experiment, I decided to test participants’ mathematics anxiety at the end of the
study, after the final test, so that taking the test itself did not alter participants’ anxiety during the
task. This presents a limitation as participation in any of the experiments could have either
increased anxiety, if participants found the task difficult, or reduced it, perhaps due to increased
fluency during massed practice leading to overconfidence (Emeny et al., 2021). I did not have
the resources to test mathematics anxiety twice during the experiment, however, if mathematics
anxiety is a focus of a future experiment, then an improvement would be to test participants at
the start and end of the experiment. This would allow future researchers to better distinguish
between a baseline mathematics anxiety of the participant and the change in mathematics anxiety
during the experiment.

Due to a change in recruitment platform, participants were older in experiment four, than
the first three experiments. In experiments one, two and three I recruited my participants using
the University of York’s human participant pool SONA and these participants were similar in
age (around 20 years old). However, in experiment four I recruited participants via prolific, and

the participants were older (around 27 years old). Before experiment four, our criteria were that
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participants needed to be over 18 and undergraduates and I used the same criteria on prolific.
Either prolific has a larger proportion of mature students, who signed up to our experiment
quickly, or perhaps participants on prolific are incentivised to claim that they are a university
student in order to gain access to more studies. However, I do not think that this caused a major
issue as participants had high performance on the task and post-test, and previous research
suggests the spacing effect is robust across many age ranges (Delaney et al., 2010; Kornell &
Bjork, 2008; MacLean et al., 2017).

Interference. Additionally, further research should be undertaken to see how different
items affect the spacing schedules of other items learnt alongside each other in practice. The
meta-analysis presented in chapter 2 suggested that a smaller spacing effect was found for items
presented together in a course and the material in experiment three did not benefit from spacing
when presented together, while an adapted version of the same item in experiment four did
benefit when learnt alongside less similar material. This is not a ubiquitous finding, however, as
the two procedures used in experiments one and two were visually and conceptually similar and
they consistently benefited from spaced practice relative to massed practice. Future studies that
manipulate the structure of categories, but vary the surface features, would be a valuable next
step. As an example, one task could require participants to categorise a number, while the other
requires participants to categorise a shape. Another future experiment could include a direct
manipulation of spaced versus massed practice, high versus low element interactivity categories
and similar versus dissimilar surface features. This 2 x 2 x 2 factorial design could test whether
the high levels of interference across tasks may be a boundary condition for the spacing effect.

Task Complexity. The most difficult part of research into task complexity is that it is

unique to each participant. There is evidence that spacing benefits “complex” material, such as
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learning calculus (Hopkins et al., 2016; Lyle et al., 2020, 2022) and some people may argue that
spacing has already been shown for complex material. After all, the brain has a remarkable
ability to chunk information together allowing us to gain expertise and make the complex simple
(Gobet et al., 2001; Miller, 1956). However, if participants had high prerequisite prior
knowledge and had portions of the “complex’ material chunked into a single element then that
material was not complex to that participant. Across four experiments I aimed to manipulate
complexity and practice schedule while reducing the effect of prior knowledge. My key
contribution was the use of artificial elements (i.e. a step to perform “multiply by five” or a
constraint to check “is the number a multiple of five?”) to build up novel learning tasks in a
modular fashion. Importantly, I expected that each individual element would be known to the
participants (and checked this during piloting) and that what they are learning is the structure of
the procedure or category. By varying the structure, I sought to manipulate first procedural
complexity in experiments 1 and 2, and then element interactivity in experiments 3 and 4.

When measuring procedural complexity as the number of steps participants were required
to learn, we found large main effects of spacing. Further evidence, with larger sample sizes,
would be required to make a strong recommendation to educators that it can be ignored when
scheduling practice, however in my experiments it did not affect spacing. My manipulation of
element interactivity found no effects of spacing, but this was likely to not be due to the material
itself, but instead to how the task was set up. The linear category learning task did not benefit
from spacing when learnt alongside a similar relational category learning task. However, the
linear category did benefit from spacing when paired with a procedure learning task. If element

interactivity does matter, then one methodological concern future experiments should consider is
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to avoid interference between learning objectives. Overall, the experiments add to the consensus
that the spacing effect is robust across different tasks.

One explanation for the spacing effect’s robustness to changes in task complexity could
be due to multiple complimentary mechanisms underlying the spacing effect. Most modern
overviews of the spacing effect argue that no single mechanism that can account for, and model,
all the key phenomena of the spacing effect (Delaney et al., 2010; Kiipper-Tetzel, 2014; Walsh et
al., 2018). For example, if more complex material with more elements increases the difficulty of
retrieval then the study-phase retrieval account would suggest a reduced effectiveness of spacing
(Thios & D’Agostino, 1976), however perhaps if participants realise this during practice, either
consciously or subconsciously, they may attend to the information more closely. If this occurs,
then in the massed condition participants may feel fluent in the material and process it less
deeply, as suggested in the deficient processing account (Hintzman, 1974), while they may
attend more closely to the complex material in the spaced condition when unable to recall the
material.

I was unable to test this theory of multiple complementary mechanisms in the
experiments presented in this thesis; however, future researchers could test this theory by
running a series of experiments manipulating inter-session intervals and amount of practice
trials. One study found that increasing the amount of practice beyond the minimum needed was
found not to moderate the spacing effect (Lyle et al., 2020; Rohrer & Taylor, 2006), however,
this may have been due to the use of a simple learning objective. Increasing or reducing the
number of practice sessions can enable a researcher to see whether deficient processing is
occurring as at some point the less complex material will begin to no longer benefit from

increased practice while the more complex may benefit from additional practice. Additionally, if
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the critical point where deficient processing occurs is moderated by changes to the inter-session
interval then that may be evidence that participants are using the difficulty of retrieval as a sign
to process the material at a deeper level. If this is indeed the case, then this would make spacing
an even more valuable tool to improve learning.
5.4 Overall Conclusions

I found no evidence that procedural complexity or element interactivity affects the
efficacy of spaced practice. Importantly, however, my manipulation of element interactivity was
impeded by high interference between the two tasks and should not be considered evidence that
element interactivity does not affect the efficacy of spacing. More evidence is needed to show
procedural complexity has no effect on the efficacy of spacing, however, future research should
focus on explicit manipulations of element interactivity that use different surface features to
reduce interference, while manipulating the structure of the materials. If spacing is affected by
task complexity, then further studies should vary the inter-session and retrieval intervals to
ascertain how task complexity affects the optimal spacing schedules for different tasks. Taken
together, the results of the meta-analysis and robustness of the spacing effect across three out of
four experiments presented in this thesis supports the inclusion of spaced practice in mathematics
learning.
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