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Abstract
Educational technologies in mathematics typically focus on fostering either procedural 
knowledge by means of structured tasks or, less often, conceptual knowledge by means 
of exploratory tasks. However, both types of knowledge are needed for complete domain 
knowledge that persists over time and supports subsequent learning. We investigated in two 
quasi-experimental studies whether a combination of an exploratory learning environment, 
providing exploratory tasks, and an intelligent tutoring system, providing structured tasks, 
fosters procedural and conceptual knowledge more than the intelligent tutoring system 
alone. Participants were 121 students from the UK (aged 8–10 years old) and 151 students 
from Germany (aged 10–12  years old) who were studying equivalent fractions. Results 
confirmed that students learning with a combination of exploratory and structured tasks 
gained more conceptual knowledge and equal procedural knowledge compared to students 
learning with structured tasks only. This supports the use of different but complementary 
educational technologies, interleaving exploratory and structured tasks, to achieve a “com-
bination effect” that fosters robust fractions knowledge.
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Introduction

Two commonly distinguished types of mathematical knowledge are conceptual and proce-
dural knowledge (Anderson, 1987; Hiebert, 1986; Rittle-Johnson et al., 2001; Star & Styl-
ianides, 2013). Both develop at the same time (Canobi et al., 2003; LeFevre et al., 2006), 
develop iteratively and evolve in a relationship of mutual dependence (Baroody et al., 2007; 
Rittle-Johnson & Koedinger, 2009; Rittle-Johnson et al., 2015), with increases in concep-
tual knowledge leading, in a virtuous circle, to parallel gains in procedural knowledge and 
vice versa. It is therefore somewhat surprising that prior work in the learning sciences and 
particularly educational technology has primarily focused on fostering either procedural 
knowledge or conceptual knowledge, rather than both. In contrast, the work reported here 
investigates whether a combination of tasks from different types of educational technology 
can be used to foster both conceptual and procedural fractions knowledge.

As we review in more detail in section ‘Background’, the educational technologies com-
monly known as intelligent tutoring systems (ITSs) typically decompose problems into 
sequences of steps and provide adaptive feedback. This is thought to primarily foster proce-
dural knowledge, that is knowing how and when to apply a rule in order to solve a problem 
(Anderson, 1987; Mousavinasab et al., 2018; Rittle-Johnson & Alibali, 1999; Rittle-John-
son et al., 2001). Exploratory learning environments (ELEs), on the other hand, typically 
encourage the construction of knowledge and self-explanation through the manipulation of 
designed objects, tools and representations. This is thought to primarily foster conceptual 
knowledge, that is implicit or explicit understanding about underlying principles and struc-
tures of a domain (Rittle-Johnson & Alibali, 1999).

Both types of technologies, ITS and ELE, have important limitations. Early ITSs have 
been criticised for focusing excessively on automatizing procedures without ensuring an 
understanding of the underlying concepts, which may result in learners applying proce-
dures inaccurately to problems based on shared surface elements (Jonassen & Reeves, 
1996). ELEs, on the other hand, often fail to realize their promise because unguided or 
minimally-guided exploration places too-heavy cognitive demands on the learner (Kirsch-
ner et al., 2006).

Various attempts have been made to address these weaknesses. For example, some ITSs 
have been extended to include collaborative activities (e.g. Diziol et  al., 2010), worked 
examples (e.g. Mathan & Koedinger, 2002), or reflective prompts (e.g. Rau et al., 2012) 
in order to promote sense-making and conceptual understanding. Conversely, for ELEs, 
Mavrikis et al. (2013) establish pedagogically-grounded requirements for providing intel-
ligent support (i.e. guidance) while students undertake exploratory activities (Noss et al., 
2012); while, more recently, Basu et al. (2017) investigated the use of adaptive scaffolding 
(i.e. an alternative approach to guidance) in learning-by-modelling tasks.

Each of these modifications aim to enhance one type of educational technology, an 
ITS or an ELE, so that the particular technology is better able to support the acquisition 
of both types of knowledge, procedural and conceptual. Against this background, in the 
studies reported in this paper, we asked whether the combined effect of the two types of 
educational technology, ITS and ELE, is greater than the sum of their individual effects. 
In other words, does combining the two technologies in one learning platform, leveraging 
both sets of individual strengths, have a synergistic outcome for both types of knowledge? 
We explored this question in the context of the interdisciplinary EU-funded project iTalk-
2Learn, which developed an adaptive digital learning platform that enables the sequenc-
ing of content from two types of systems, an ITS and an ELE, based on the student’s 
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interactions including speech (see http:// www. italk 2learn. eu). To facilitate experimenta-
tion, iTalk2Learn focused on fractions, because this mathematical topic is known to be an 
important predictor for future mathematics performance (Siegler et al., 2012) and because 
its introduction in early years often poses challenges for students (Charalambous & Pitta-
Pantazi, 2007).

In the following section, we discuss how these two types of educational technology, ITS 
and ELE, support either procedural knowledge acquisition or conceptual knowledge acqui-
sition, respectively. We then present data from two quasi-experimental studies testing our 
research hypothesis using the iTalk2Learn platform, in Germany and the UK, and discuss 
the evidence that they provide for the effectiveness of combining exploratory learning with 
structured practice to foster robust learning.

Background

Intelligent tutoring systems

As the name suggests, intelligent tutoring systems (ITSs) are a type of educational technol-
ogy designed for one-on-one, adaptive tutoring supported by feedback and hints (VanLehn, 
2011). They typically involve a user-interface that presents students with instructional 
materials together with opportunities to answer structured questions, often breaking down 
each question into several steps to avoid student failure. A common classroom implementa-
tion of such systems involves them in blended learning instructional models with the aspi-
ration of supporting personalised learning (Karam et al., 2016; Phillips et al., 2020). Of rel-
evance to our research, one goal of such implementations is to support students practising 
procedural skills. Cognitive tutors are a particular type of ITSs (VanLehn, 2006) that sup-
port “guided learning by doing” with a mastery-based instructional approach (Kulik et al., 
1990), and involve “model tracing” and “knowledge tracing”, two tutoring techniques that 
allow adaptive support of students’ learning. Model tracing assumes that a cognitive skill 
can be modelled as a set of independent if-then production rules, and supports students at 
the level of single problem-solving steps. Knowledge tracing tracks each individual stu-
dent’s knowledge, in order to select which production rule and hence which task the student 
should experience next (Anderson et al., 1995; Koedinger, 2002; Koedinger et al., 1997).

One limitation of most ITSs is that they do not provide constructivist opportunities for 
the learner to self-construct knowledge, which are typically more effective than step-by-
step learning for the development of conceptual knowledge (Doroudi et  al., 2015). This 
has the risk of resulting in the student having little understanding of what is behind the 
procedures, how and why they work, and why one may want to learn them. There are, 
however, some ITSs that were specifically developed to foster sense-making, which will 
be discussed in section ‘Combining exploratory learning with structured practice tasks’. 
A second limitation of ITSs is that their adaptive support is usually based on pure perfor-
mance indicators. The learners’ process or interaction data, on the other hand, is only rarely 
exploited to provide adaptive support within common ITSs (Mousavinasab et  al., 2018). 
However, to identify individual learning needs and, thus, to allow for individually tailored 
learning, adaptive support should rely on a variety of different parameters. A third limita-
tion of ITSs is that, drawing on the SAMR model of educational technologies (Hamilton 
et al., 2016), they typically only seek to “substitute” for standard teaching or to “augment” 
it. In other words, the ITSs usually operate only at the lower levels of the SAMR model, 

http://www.italk2learn.eu
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reinforcing—while automating—step-by-step instructionist teaching practices. In particu-
lar, although ITSs are the archetypal “personalised learning” technologies, while they do 
personalise student learning pathways, they typically do not personalise student learning 
outcomes (they do not enable students to achieve their personal learning goals; Holmes 
et al., 2018).

Exploratory learning environments

Exploratory learning environments (ELEs) are virtual environments that are designed to 
promote learning by discovery. They provide learners with opportunities to explore or 
experiment with a range of possibilities within a certain domain. There are different types 
of ELEs ranging from games to simulators, virtual labs, and open-ended learning environ-
ments, all of which usually target STEM subjects. In mathematics, in particular, ELEs ena-
ble the construction of some mathematical representation or abstract idea and are designed 
to empower learners to interact not only with the available objects, but also to explore their 
relationships and to investigate the underlying representations that enforce these relation-
ships (Hoyles, 1993; Noss & Hoyles, 1996; Thompson, 1987). Using these tools, learn-
ers can explore mathematical objects from different but interlinked perspectives while the 
relationships that are key for mathematical understanding are highlighted, which helps the 
learner appreciate the various complexities. In this sense, ELEs can address the higher lev-
els of the SAMR model (allowing for task redefinition and the creation of new tasks previ-
ously inconceivable) (Hamilton et al., 2016; Holmes et al., 2019).

Thus, ELEs may be a solution to a key limitation mentioned earlier of ITS, specifically 
their focus on procedural learning. However, the exploration at the heart of ELEs typically 
places high cognitive demands on the learner and, without guidance, may not be successful 
in fostering learning (Kirschner et al., 2006). To address this limitation, recent work has 
explored how to provide support in order to reduce the onerous cognitive demands expe-
rienced by some students in ELEs. In particular, intelligent components that provide feed-
back to support the student’s interaction with the learning environment, encourage goal-
orientation, and exploit particular learning opportunities, have been incorporated in ELEs 
(e.g. Holmes et al., 2015; Mavrikis et al., 2013; Noss et al., 2012) and other open-ended 
environments (e.g. Basu et al., 2017; Bunt et al., 2004).

Combining exploratory learning with structured practice tasks

With a few noteworthy exceptions (e.g. Rittle-Johnson et al., 2015; Star, 2005; Wang et al., 
2013), the interdependence of procedural and conceptual knowledge has not received much 
attention. From a theoretical standpoint, the conceptual/procedural knowledge distinction is 
sometimes considered too coarse. For example, Star (2005) and de Jong & Ferguson-Hes-
sler (1996) called for distinguishing between knowledge type and qualities, and Baroody 
et al. (2007) present a continuum of knowledge types and qualities, together with a further 
justification for their interdependencies. In short, in the field of mathematics education, the 
few studies that have examined the procedural/conceptual distinction have provided some 
useful evidence, but their application in educational technology contexts remains limited.

Similarly, research investigating the combination of exploratory learning and structured 
practice tasks is scarce. Either the combination of exploratory learning and structured prac-
tice tasks has not been compared to the separate approaches, or the outcomes were incon-
clusive (which might be due to the specific characteristics of the tasks or environments).
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For example, Holmes (2013) designed a digital games-based learning environment for 
children who were low-attaining in mathematics. It offered opportunities for the children to 
self-construct solutions to authentic but covert numeracy problems (i.e. exploratory learn-
ing) followed immediately by structured practice to consolidate what they had learned. 
However, this work did not compare the outcomes of this combination with either explora-
tory learning or structured practice alone.

Corbett et al. (2013) report a study where students learned about genetics with an ITS. 
One condition provided a block of scaffolded reasoning problems aimed at eliciting sense-
making, followed by a block where students solved problems to foster procedural knowl-
edge. This combination led to better performance on transfer and preparation for future 
learning tasks than a condition where students only solved problems. However, the prob-
lem-solving condition led to better performance on problem-solving tasks than the combi-
nation condition.

Doroudi et  al. (2017) report a study with Fractions Tutor comparing five conditions, 
out of which two are of particular interest in the context of this paper. One condition prac-
tised the application of procedures. A combination condition also solved problems aimed 
at sense-making and fluency-building. However, the authors did not find a significant per-
formance difference between these conditions; possibly because problem selection was not 
adaptive but instead based on a spiral curriculum.

Finally, Rittle-Johnson and Koedinger (2009) investigated iterative lesson sequencing 
(lessons that alternate in focusing on concepts or procedures) within an ITS. They found 
that the iterative lesson sequence fostered procedural knowledge more effectively than a 
concepts-before-procedures sequence, and that there was no difference for the acquisi-
tion of conceptual knowledge. However, the lessons that focused on concepts were heavily 
structured and did not provide the affordances for discovery that ELEs typically offer.

In summary, while there is theoretical and some empirical support for combining 
exploratory learning with structured practice to promote both procedural and concep-
tual learning, the empirical evidence has been inconclusive. One reason may be that the 
hypothesis has previously been tested by combining exploratory learning with structured 
practice within a single educational technology. It has not yet been tested whether combin-
ing different but complementary educational technologies (ITS and ELE) that are designed 
specifically to support the acquisition of either procedural knowledge or conceptual knowl-
edge can foster both types of knowledge. It was the goal of the work reported in this paper 
to investigate this possibility.

Materials

iTalk2Learn platform

For the purposes of this research, the iTalk2Learn platform was configured in two paral-
lel versions, English and German, both of which combined an ELE delivering exploratory 
tasks and an ITS delivering structured tasks. The English iTalk2Learn platform includes 
an ELE, Fractions Lab (Hansen et al., 2016), which was developed within the iTalk2Learn 
project, and a commercially available ITS, Maths Whizz (www. whizz. com). The German 
iTalk2Learn platform includes the same ELE, Fractions Lab, but translated into German, 
and an ITS called Fractions-Tutor (Rau et al., 2012, 2013), also translated into German. 
More details about these are provided below.

http://www.whizz.com


696 M. Mavrikis et al.

1 3

The pedagogy of the iTalk2Learn platform is based on an adaptive approach that uses 
a variety of inputs (e.g. screen/mouse action within the ELE, amount of feedback mes-
sages provided, and speech during reflective tasks) to sequence activities. In its default ver-
sion iTalk2Learn combines the ELE and ITS activities. Building on previous research and 
theory in the field (Grawemeyer et al., 2017; Mazziotti et al., 2015), the pedagogical inter-
vention model of iTalk2learn specifies that students begin their session in the ELE, where 
they engage with an exploratory task (c.f. also a recent meta-analysis Sinha & Kapur, 
2021 that favours engaging in problem solving followed by instruction akin to the model 
described here). While students undertake tasks, a Student Needs Assessment (SNA) com-
ponent draws on the various inputs to determine whether the student is under-, over-, or 
appropriately challenged by the task and thus to identify the next task appropriate for them 
[based on an assessment of task difficulty by mathematics education experts and a set of 
rules, (Mazziotti et al., 2015)]. For example, if the student receives several supportive feed-
back messages, the system infers that the student is overly challenged, and they are given 
a less challenging exploratory task on the same concept. On the other hand, if the student 
is determined to be appropriately challenged, the Student Needs Assessment (SNA) com-
ponent switches to the ITS where they are given a structured practice task (see Fig. 1). The 
first structured practice task that the student experiences in the ITS is mapped as closely 
as possible to the fine-grain goal of the completed task in the ELE (e.g. fraction partition-
ing to find its equivalent); while the next task in the ITS stays within the same fine-grain 
goal but increases the level of challenge (as determined by mathematics education experts). 
Students undertake a fixed sequence of ITS tasks until the SNA component determines 
that they are under-challenged, or until they have completed five structured practice tasks, 
whichever comes first, in which case they are returned to the ELE.

While engaging in the iTalk2Learn system, students receive Task-Independent Sup-
port (TIS), which is based on a Bayesian Network trained from past data. Positive affective 
states such as enjoyment are known to contribute towards constructive learning while neg-
ative ones such as frustration or boredom can inhibit learning (Kort et al., 2001). Accord-
ingly, the Task-Independent Support aims to change a student’s negative affective state into 
a positive affective state by adapting the feedback to the student’s current affective state 
(which was inferred from the student’s speech and interaction data such as whether or not 
feedback previously given had been followed). Task-Independent Support includes affect 
boosts (e.g. “Well done. You’re working really hard!”) and talk-aloud prompts (e.g. “Please 
explain what you are doing.”). Grawemeyer et al. (2015, 2017) describe the Task-Independ-
ent Support in more detail.

The next section describes the learning environments in more detail, together with 
the tasks and the adaptive support provided by them. Tasks were chosen by mathematics 

Fig. 1  A visual representation of the pedagogical intervention model of iTalk2Learn 
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education experts, based on a mathematics education theory of fractions learning (Hansen 
et al., 2014) that takes into account misconceptions and errors that are typical for learners 
at the beginning of formal fractions instruction.

Fractions lab

Fractions Lab is the ELE developed by the iTalk2Learn project, which was used both in 
Germany (in German) and the UK (in English). It provides exploratory tasks that aim to 
help the student develop conceptual knowledge of fractions. In the Fractions Lab interface 
(see Fig. 2), a learning task is displayed at the top of the screen. Students can choose from 
a range of graphical fraction representations (from the right-hand side menu)—number 
lines, rectangles, sets and liquid measures—which they manipulate in order to solve the 
given task. For example, they can change the fraction’s numerator or denominator, and find 
an equivalent fraction. An example task is shown in Fig. 2, which served both to introduce 
the student to the available Fractions Lab functionality, and to introduce them to the idea 
of fractions equivalence with representations (Hansen et al., 2015).

To ameliorate the cognitive demands on the students associated with exploratory learn-
ing, Fractions Lab also provides students with Task-Dependent Support (TDS), in addi-
tion to the Task-Independent Support provided by the iTalk2Learn system, that varies by 
type and by method of delivery. The type of Task-Dependent Support is determined based 
on a rule-based system, operationalized according to two dimensions: the purpose of the 
feedback, depending on the task-specific needs of the student, and the level of feedback, 

Fig. 2  The ELE (exploratory learning environment) used both in the German study (in German) and in the 
UK study (in English, as shown): Fractions Lab 
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depending on the cognitive needs of the student (Holmes et al., 2015). Six feedback pur-
poses were identified, each of which is triggered by a particular student response: Polya 
(understanding the problem, formulating goals and devising a plan, drawing on Polya, 
1945), e.g. “Read the task again, and explain how you are going to tackle it.”; instruction 
(next step), e.g. “You can use the arrow buttons to change the fraction.”; instruction (prob-
lem solving) (addressing misconceptions), e.g. “The denominator is the bottom part of the 
fraction.”; instruction (opportunity for higher-level work), e.g. “You could now use the par-
tition tool to make an equivalent fraction.”; affirmation, e.g. “The way that you worked 
that out was excellent. Well done.”; and reflection, e.g. “Please explain why you made the 
denominator 12.”

The second dimension, type of Task-Dependent Support, comprises four levels designed 
to address different levels of cognitive need (Holmes et al., 2015). As noted above, a par-
ticular student response in Fractions Lab triggers some feedback. Thereafter, if the same 
student response is repeated, the next level of feedback is triggered. The four levels of feed-
back are: Socratic (which emphasizes the benefits of open questioning to encourage stu-
dents to think about and verbalize possible solutions), e.g. “Have you changed the numera-
tor or denominator?”; guidance (to remind students of key domain-specific rules and the 
system’s affordances), e.g. “The denominator is the bottom part of the fraction.”; didactic-
conceptual (a possible next step in terms of the fractions concept currently being explored), 
e.g. “Check that the denominator in your fraction is correct.”; and didactic-procedural 
(the next step that needs to be undertaken in order to move forward), e.g. “Check that the 
denominator, the bottom part of your fraction, is 12.”. This rarely-delivered final proce-
dural feedback operates as a backstop, ensuring that the student is not left floundering.

The method of Task-Dependent Support delivery is based on a Bayesian network, 
trained on previous data, that predicts whether the adaptation of the presentation of the 
feedback can improve a student’s affective state (Grawemeyer et al., 2015, 2017). In Frac-
tions Lab, the feedback can be presented in either a low-interruptive way (by highlighting 
a light bulb at the top of the interface that indicates feedback is available that the student 
might or might not choose to access), or in a high-interruptive way (by providing a pop-up 
window that has to be dismissed before the student can proceed). The presentation of the 
feedback most likely to enhance the affective state of the student is inferred from the stu-
dent’s current affective state and whether or not they followed the previous feedback.

Maths Whizz

Maths Whizz, the ITS used in the UK study, is an English commercial system that pro-
vides mostly structured practice tasks (see Fig. 3). In Maths Whizz, each task is deliv-
ered in three stages. First, an instruction of how procedurally to complete the following 
tasks successfully; second, an interactive task with guided instruction and immediate 
feedback; and third a short test. The tasks use a range of graphical representations 
such as circles, rectangles, number lines, liquid measures, symbols and sets of objects 
within contexts that the students may be familiar with (e.g. a fairground). In addition 
to the Task-Independent Support provided by the iTalk2Learn system, Maths Whizz 
provides Task-Dependent Support when an incorrect answer is entered, in the form of a 
hint that encourages the student to elaborate and reflect on their problem-solving strat-
egies before having another attempt (e.g. “Remember: you do not add the denomina-
tors. Add the numerators. Denominators stay the same”). Up to three hints are offered 
per question, at which point a student receives the correct answer. Correct answers are 
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rewarded with a celebratory response. Following a set of tasks, a short test requires 
students to demonstrate their understanding without Task-Dependent Support, but with 
corrective feedback. 

Fractions Tutor

Fractions Tutor, the ITS used in the German study, is a web-based Cognitive Tutor 
for learning fractions (Rau et al., 2012, 2013) that enables students to solve fractions 
problems step-by-step, while receiving immediate feedback (on the steps) or asking for 
on-demand next-step hints. The version of Fractions Tutor used in this study had pre-
viously been translated into German.

Content is presented on the same page and revealed step-by-step while students 
solve the problem (for an example, see Fig. 4). The exercises use a range of graphical 
representations such as circles, number lines, and symbols. In addition to the Task-
Independent Support provided by the iTalk2Learn system, Fractions Tutor functionali-
ties allow students to ask for hints (i.e. to receive Task-Dependent Support) on up to 
three different levels: clarification, e.g. “Before you know what fraction of the whole 
cake you won, you need to divide the circle into equally sized pieces.”; conceptual, 
e.g. “The pieces are part of the same cake. Therefore, you keep the same denominator 
in the sum fraction.”; and explicit instruction, e.g. “Please divide the circle into four 
pieces.” (Rau et al., 2013).

Fig. 3  The ITS (structured practice environment) used in the UK study: Maths Whizz 
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Experimental design and participants

The two studies reported in this paper were undertaken in Germany and the UK, and 
focused on the learning of fractions. Both studies involved data from two experimental 
conditions:

ITS & ELE:  The full iTalk2Learn platform, incorporating both the structured practice 
(ITS) and exploratory learning (ELE) technologies.

ITS only:  The iTalk2Learn platform limited to the structured practice technology 
(ITS) only (i.e. no exploratory learning).

Participants in both countries were students who were just about to start, or were at 
the beginning of, formal fractions instruction. Fractions are taught earlier in the cur-
riculum in the UK than in Germany, therefore the UK participants were slightly younger 
than the German participants. The parents or carers of participating school students pro-
vided informed consent for their child’s involvement in the study; while, having been 
informed that they could withdraw from the study at any time without consequence 
and without having to give any reason, the students provided verbal assent for their 
involvement.

Participants in the study in Germany were fifth and sixth grade secondary school 
students aged between 10 and 12 years from four schools in suburban areas. Due to the 
readily observable differences in learning tasks between the conditions (i.e. that stu-
dents would be able to observe what their near neighbours were doing), it was not feasi-
ble to run multiple conditions in the same classroom. Accordingly, the studies were run 
in a Pretest–posttest Non-equivalent Groups quasi-experimental design: students par-
ticipated within their class, and classes within schools were randomly assigned to one of 

Fig. 4  The ITS (structured practice environment) used in the German study: Fractions Tutor 
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the conditions. Class sizes varied, and, due to a technical failure, data was lost for one 
class of 33 students assigned to the ITS only condition, resulting in the following distri-
bution across conditions: NITS & ELE = 100, and NITS only = 51.

Participants in the study in the UK were Year 4 and Year 5 primary school students 
aged between 8 and 10 years from three schools. The schools were from rural, suburban, 
and inner-city areas. Three groups per grade per school were randomly assigned to one 
of the conditions; while seven participating students did not complete the study and are 
excluded from the analysis. This resulted in the following distribution: NITS & ELE = 61 and 
NITS only = 60.

Dependent measures

Dependent measures were derived from an online fractions test, designed to differentiate 
between conceptual and procedural items (see Fig. 5), which was completed by the stu-
dents before and after they interacted with the system. The test was administered to the UK 
students in English, while students in Germany received a German translation of the test.

Two isomorphic versions of the test instrument were designed (written in English and 
translated to German). Students were randomly allocated one version at the first time of 
measurement and the other version at the second time of measurement. Two subscales with 
three items each were constructed to measure procedural knowledge (see questions 22, 24, 
and 25 in Fig. 5) and conceptual knowledge (see questions 20, 21, and 23 in Fig. 5). The 
procedural knowledge items required simple computations using numerical representations 
of fractions, without the need to transition between different types of representations. They 
can be solved with a basic conceptual understanding of fractions (expanding fractions to 
share the same denominator). Conceptual items, on the other hand, can be solved without 
computations, but require an elaborated conceptual understanding of fractions: Students 
need to interpret non-numerical representations of fractions such as number lines or rectan-
gles, transition between numerical and symbolic representations, and even compare differ-
ent symbolic representations (e.g. question 23 in Fig. 5). The students received one point 
for each correctly-answered item and consequently obtained two aggregated scores, one 

Fig. 5  Extract from the online fractions test (English version) undertaken by the participants
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per subscale (i.e., scores are summed across three items per subscale and can vary between 
0 and 3).

Internal consistency for the procedural scores at pre-test was αUK = .40, αGermany = .07, 
and at post-testαUK = .53, αGermany = .36. Internal consistency for the conceptual scores at 
pre-test was αUK = .40, αGermany = − .03, and at post-test αUK = .36, αGermany = − .06. Note 
that the α values may be relatively low due to a combination of the small number of ques-
tions and the heterogeneity of the items (this issue is further considered in the discussion 
section below).

Other instruments

The study also involved two questionnaires, each of which was administered in the appro-
priate language via a browser window: one on attitudes to learning, mathematics and 
fractions; the other a user-experience questionnaire. However, as neither questionnaire is 
included in the analysis reported in this paper, no further details will be given here.

Procedure

Individual sessions were run with groups of up to 15 students in the UK, who interacted 
with the English version of the iTalk2Learn platform, and up to 30 students in Germany, 
who interacted with the German version of the iTalk2Learn platform. Half the groups in 
each country were allocated to the ITS only (structured practice only) condition, and the 
other half allocated to the ITS & ELE (structured practice and exploratory learning) con-
dition. With the exception of the experimental condition and the language version of the 
platform, the sessions were the same for each group. In particular, learning, practising and 
testing time were held constant between groups.

The full session for all groups lasted approximately 90 min including breaks. During the 
first 10 min, the students were introduced to the study and to the iTalk2Learn platform with 
the ITS and ELE components being introduced depending on the experimental condition. 
To ensure that the introduction was as standardised as possible, it was scripted and deliv-
ered by the same researchers in both conditions. The students were then asked to complete 
the attitudes questionnaire (see section ‘Other instruments’ above) and then the online frac-
tions test (see section ‘Dependent measures’ above), one after the other in a browser win-
dow. The students all completed the test within the given 10 min.

Students then worked with the iTalk2Learn platform for approximately 40 min. In the 
ITS only condition students received tasks based on a fixed sequence during this time (var-
ying from 8 to 12 tasks in total). This sequence was similar to the ITS sequence in the ITS 
& ELE condition (but obviously with more procedural knowledge practice opportunities). 
In the ELE & ITS condition, tasks alternated between exploratory learning and structured 
practice tasks as described in section ‘Materials’ (again for a total of 40 min). Based on 
previous studies and further discussions with the teachers of the cohorts of this study, we 
had estimated that an average student would spend about half the time on the ELE tasks 
in this condition. Indeed, there was only a small variation across students (mean time on 
ELE tasks: 19.85 min; SD 0.004) with the rest of the time on ITS tasks (varying from 5 to 
9 tasks in total).

During this main experimental period, the researchers adopted a strict intervention pro-
tocol that specified the allowable interactions and prompts. In particular, technical sup-
port was provided where needed, but no support was given for the fractions tasks. In the 
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last 30 min of the session, the students were asked to complete the final instruments. The 
online fractions test (see section ‘Dependent measures’ above) was presented followed 
by the user-experience questionnaire (see section ‘Other instruments’ above), one after 
the other in a browser window. Students were given twenty minutes in total for these two 
instruments, and all of them finished the test within time.

Analyses

We investigated whether the combination of ITS and ELE can foster both procedural and 
conceptual knowledge by performing multivariate ANOVAs to account for the use of two 
dependent measures and possible alpha-error-inflation. To investigate differential effects 
of the conditions on procedural versus conceptual scores, we followed up with univariate 
ANOVAs. We did not treat country as an independent variable, but rather ran the analyses 
separately for the UK and Germany. All analyses were performed using SPSS v.27.

Results

Table 1 presents scores on the online fractions knowledge test for the conceptual and pro-
cedural subscales. There was a medium correlation between these subscales on the post-
test, r(151) = .25 in Germany and r(121) = .26 in the UK, both p < .01. In both countries, 
descriptively speaking, there were medium effects on both conceptual and procedural 
scores for the ITS & ELE condition, while in the ITS-only condition, effects on the concep-
tual scores were negative (see however the 95% confidence intervals which include zero) 
and effects on the procedural scores were low (Cohen, 1988).

Two-way, 2 (condition: ITS & ELE or ITS only) × 2 (time of measurement: pre-test or 
post-test) multivariate ANOVAs with repeated measures on the time variable and concep-
tual and procedural subscale scores as the two dependent measures were conducted for 
each country separately. We found significant effects for each factor and their interaction. 
Overall, analyses showed statistically significant learning gains from pre- to post-test, using 
Pillai’s trace for participants from both Germany (see Table 2).

Table 1  Scores on online fractions knowledge test

Scores are summed across three items per subscale and can vary between 0 and 3

Subscale Country Condition Pre-test Post-test Effect size

M SD M SD d 95% CI

Conceptual Germany ITS & ELE 0.79 0.74 1.21 0.69 0.59 [.30, .87]
ITS only 0.73 0.63 0.53 0.64 − 0.32 [− .71, .07]

UK ITS & ELE 1.00 0.95 1.52 0.85 0.58 [.22, .94]
ITS only 0.88 0.92 0.70 0.77 − 0.21 [− .57, .15]

Procedural Germany ITS & ELE 0.95 0.80 1.42 0.94 0.54 [.26, .82]
ITS only 0.69 0.65 0.90 0.85 0.28 [− .11, .67]

UK ITS & ELE 1.33 0.96 1.97 1.02 0.65 [.28, 1.01]
ITS only 1.47 1.02 1.87 1.07 0.38 [.02, .74]
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In summary, students in both countries and in both conditions showed learning gains, 
but importantly these learning gains were stronger for the ITS & ELE condition, with a 
medium effect size (Cohen, 1988), in both countries. This interaction is now investigated 
further for each subscale separately, using univariate ANOVAs.

Follow-up univariate analyses (Table 2) showed statistically significant learning gains 
on the procedural scores for participants from both Germany and the UK, but no over-
all learning gains on the conceptual scores for participants from either Germany or the 
UK. We could not detect a significant effect of the conditions on the procedural learning 
gain for participants from either Germany or the UK. However, on the conceptual scores 
(Table 2), analyses did show statistically significant effects of conditions on learning gains 
for participants from both Germany, and the UK.

In summary, while the results were similar in both countries, with students in both con-
ditions showing significant learning gains on the procedural scores, only students in the ITS 
& ELE condition showed significant learning gains on the conceptual scores, a medium 
effect size (Cohen, 1988). The decrease in conceptual scores in the ITS only condition does 
not statistically differ from zero (the 95% confidence interval of the effect indicates that 
even a small increase is similarly likely).

Discussion

Robust learning in mathematics depends on the acquisition of different types of mathemati-
cal knowledge (procedural and conceptual knowledge), each of which requires a different 
type of learning opportunity and support. Yet, learning systems developed for mathematics 
education are usually focused on only one type of knowledge, not on both: typically, they 
either focus on developing procedural knowledge by providing structured practice tasks 
(ITSs), or they focus on developing conceptual knowledge by providing exploratory tasks 
(ELEs). This limitation, providing only opportunities to learn one type of mathematical 

Table 2  Multivariate and univariate effects on procedural and conceptual scores

*p < .001

Multivariate effects Germany United Kingdom

V F(2,148) �
2

p
V F(2,118) �

2

p

Time of measurement .117 9.834* .117 .277 22.643* .277
Condition .132 11.274* .132 .133 9.025* .133
Time of measurement* condition .109 9.068* .109 .144 7.604* .114

Univariate effects on procedural scores F(1,149) F(1,119)

Time of measurement 18.552* .111 16.337* .265
Condition 10.618* .067 .013 .000
Time of measurement* condition 2.552 .017 2.279 .019

Univariate effects on conceptual scores

Time of measurement 2.206 .015 3.078 .025
Condition 16.465* .100 13.999* .105
Time of measurement* condition 16.697* .101 13.245* .100
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knowledge, negatively impacts on robust learning and invites criticism of educational tech-
nology applied in mathematics education.

In the research reported in this paper, we investigated how this limitation may be over-
come by combining the two types of educational technologies in one intervention: an ITS 
to support the acquisition of procedural knowledge, and an ELE to support the acquisition 
of conceptual knowledge. For the ITS, we used two state-of-the-art and well-established 
systems: Fractions Tutor (in Germany) and Maths Whizz (in the UK). For the ELE, we 
used Fractions Lab, which was developed especially for this project.

Our two studies (in Germany and the UK) both provided clear evidence that the combi-
nation of these two types of educational technologies, ELE (to foster primarily conceptual 
knowledge) and ITS (to foster primarily procedural knowledge) in one learning environ-
ment, promotes conceptual and procedural fractions knowledge more than ITS alone. In 
fact, despite the students in the combination condition (ITS & ELE) using the ITS for only 
around half the time that they used it in the ITS only condition, and therefore had less 
opportunities to repeat structured practice on certain topics, procedural learning was not 
compromised. Instead, in addition to gaining more conceptual knowledge of fractions, stu-
dents who used both the ELE and ITS also gained more procedural knowledge of fractions.

Despite the contextual differences between the two studies, carried out in Germany and 
the UK (e.g. the different student ages and the different ITSs), the results were remarkably 
consistent across the two countries. This indicates, on the one hand, that our results are of 
sound external validity and, on the other hand, that the “combination effect” emerges unaf-
fected by contextual factors.

Based on the outcomes of our study reported here, we can only speculate on the reasons 
for the “combination effect”. Possibly the “combination effect” is analogous to the “multi-
plier effect”, in which small changes in one factor can lead to disproportionate outcomes. 
In other words, perhaps the opportunities afforded to the student to explore fractions helped 
them better understand (‘multiplied’ their understanding of) the procedures that they were 
practising; while the practice helped them consolidate the concepts. This is in line with the 
iterative model of knowledge development, in which Rittle-Johnson et al. (2015) underline 
the reciprocal dependency of both types of knowledge, and thus warrants further research.

Although the clear procedural and conceptual learning gains observed in the ITS & ELE 
condition are promising, as in most studies conducted in naturalist contexts there are some 
limitations that need to be acknowledged. First, the contexts in which we deployed the two 
ITSs (Maths Whizz and Fractions Tutor) were quite different to those in which they are 
usually deployed, and the participating students had not worked with them before. Second, 
the intervention was of short duration, meaning that the participating students were given 
only a limited time to study very specific learning content. This was a consequence of con-
ducting the studies in school classrooms for the purpose of increasing external validity, 
which placed constraints on the available intervention time.

Third, a more conceptual issue is the fact that it is challenging to measure the con-
structs of procedural versus conceptual knowledge independently (Jones et al, 2019; Sch-
neider & Stern, 2010). This was particularly noticeable in the German sample, in which 
the conceptual scores were not internally consistent. This could be due to the low number 
of items, but also to the way items were constructed: solving items within one scale does 
not always require the same knowledge pieces; there is only a partial overlap. There may 
even be an overlap between scales: some basic conceptual knowledge was required to solve 
both the procedural and the conceptual items. This highlights the need to investigate the 
dimensional structure of procedural versus conceptual knowledge and to develop a valid 
and standardised measure. That said, reliability was large enough to detect an effect of 
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condition on the conceptual scores in Germany. So while there remains some ambiguity 
in what construct or constructs the scores are representing, the clear result patterns overall 
and their replication in two different countries do provide substantive first evidence of a 
noteworthy effect.

Fourth, we cannot be certain that the size of the combination effect was the same for 
both ITS. We did not investigate this because we cannot assume measurement invariance. 
Indeed, it is likely that cultural differences, and perhaps even the differences in student age, 
make direct comparisons between the ITS invalid. The evidence our study provided for a 
combination effect is therefore limited to a replication of the effect in two different con-
texts, not its size.

Future work, therefore, should look more into the components that make this ‘combina-
tion effect’ possible and follow-up questions that emerge from this study. For example, is 
the order of exploratory tasks followed by structured practice tasks essential for realising a 
worthwhile “combination effect”? A recent meta-analysis of problem solving followed by 
instruction seems to support this (Sinha & Kapur, 2021). But what would be the impact if 
the order were reversed? Similarly, further exploration is needed to explore emerging ques-
tions around the impact of time on task and optimal balancing of the sequencing suggested 
by the Student Needs Assessment (SNA) component, given students’ individual trajecto-
ries. In this study, we have kept the overall interaction time with the platform the same for 
experimental (internal validity) and practical (to fit with classroom timetabling) reasons. 
Thanks to the SNA and the feedback provision within each task, there was little variation 
overall in what the students covered in the given time within each condition. As such we 
did not treat time as an independent variable. Similarly, exploring the individual pathways 
was out of scope of this paper since the knowledge components covered by the different 
tasks were quite difficult to separate. However, in a longer intervention and with more top-
ics to be covered the results could vary significantly.

Importantly, for a larger study it will be essential to develop ways to measure accu-
rately conceptual understanding and procedural learning gains in this context (c.f. recent 
work that advocates comparative judgement as an instrument for measuring conceptual 
understanding in randomised controlled trials; Jones et al., 2019). Collecting data from an 
ELE only condition, perhaps with some other appropriate instruction to compensate for the 
inevitable lack of procedural knowledge, would also allow teasing apart whether the com-
bination effect is not due only to practicing with the ELE but indeed from the combination 
of ELE and ITS.

Conclusions

The study reported in this paper provides clear evidence that using two types of educa-
tional technologies (ITS and ELE) to combine in one intervention two types of educa-
tional tasks (structured practice and exploratory learning) in order to foster both procedural 
and conceptual knowledge, is effective and warrants further research. Furthermore, this 
“combination effect” stresses the need for fostering procedural and conceptual knowledge 
jointly, and supports the notion that, the two types of knowledge are reciprocally dependent 
(Baroody et al., 2007; Rittle-Johnson et al., 2015).

These findings also speak to broader debates in the field of educational technology, 
recast due to the growing attention being given to Artificial Intelligence (AI) and its 
advances. It should be noted that the ELE in this study was not what might be called a 
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“bare-bones” ELE (an ELE without any AI-driven support), but an ELE that incorporated 
by design a comprehensive system of automatic feedback i.e. feedback that responded 
automatically to student interactions. In any case, concerns about the role of AI, big com-
panies and data in society apply to education as well (Williamson, 2019). ITS in particular 
are criticised as incorporating a retrograde pedagogy and operating only at the lower levels 
of the SAMR model, reinforcing the step-by-step instructional, behaviourist paradigm with 
limited student agency (Herold, 2017; Holmes et al., 2018, 2019)—a set of limitations that 
AI-supported ELEs at least partly address.

While our study has shown that the combination of exploratory learning supported by 
AI-driven feedback and structured practice can support classroom learning, the effective-
ness or success of any classroom technology depends on the classroom pedagogy and how 
the technology is integrated (du Boulay, 2019), as well as on what is understood by “effec-
tiveness” and “success” in educational contexts. As such, what remains to be discussed, 
and what should guide future work beyond validation or replication studies, is how these 
findings might have implications for classroom practices and, more broadly, the EdTech 
industry. Most commercially available educational technologies developed to support stu-
dent learning are either ITSs by design or have mainly ITS features geared towards practic-
ing procedural knowledge (Holmes et al., 2019). Notable exceptions for mathematics edu-
cation (such as the exploratory environment Geogebra https:// www. geoge bra. org) require 
extensive support on behalf of the teacher. We postulate that the beneficial combination 
of structured tasks and exploratory learning might open up new possibilities for teaching 
and learning in class (i.e. it might transform existing practice) and, thus, might increase the 
likelihood of integration in the classroom. Teachers can take advantage of the combina-
tion effect in their classrooms by combining educational technologies or even engage their 
students with non-technology-based exploratory learning activities before using an ITS to 
consolidate what the students have learned. Such a possibility warrants further research.

In the meantime, our results also suggest that the EdTech industry might usefully either 
develop more standalone ELE technologies or incorporate ELE features in their existing 
products. Research has shown that teachers’ technology acceptance and adoption depend 
on how useful they perceive this technology in terms of both supporting students in their 
individual learning processes and achieving specific learning goals more effectively (e.g. 
Bray & Tangney, 2017; Hew & Brush, 2007; Holmes, 2013; McCulloch et  al., 2018; 
Scherer et  al., 2019). For example, in their interview study with early-career secondary 
mathematics teachers, McCulloch et al. (2018) found that teachers not only seek to pro-
vide additional opportunities for their students to practise mathematical procedures, but 
also aim to facilitate their students’ sensemaking of mathematical ideas, and, thus, they 
are open to using ELEs. However, if particular technologies are going to engage teachers’ 
interest and, hence, be used extensively in classrooms, perhaps in addition to surpassing 
teachers’ acceptance thresholds (being seen to benefit the students without impacting nega-
tively on the teachers’ workloads), they also need to be seen to be somewhat exciting or at 
least intriguing. In other words, as suggested by Bray and Tagney’s guidelines (2017), the 
technology has to be potentially transformative of (rather than simply enhancing) existing 
classroom practices and student learning—as we have demonstrated to be possible with a 
judicious combination of AI-driven ELE and ITS.
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