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Abstract. This paper reports on research that aims to examine what tutoring practices in an online
environment can promote students' self-regulated learning (SRL). First, we propose a theoreti-
cally grounded framework of signifiers that can be used to track tutor-student interactions with
respect to SRL. Second, we operationalize the framework using log data from a virtual learning
environment and process mining approaches. Our results demonstrate that there are structural
differences in tutor-learner interactions between the high performing versus low performing tu-
tors. High performing tutors show complex patterns of engagement, which emphasize open-
ended questioning and reasoning. Whilst the low performing tutors use a more restricted range
of teaching practices that focus on instruction and are more strictly led by the learning platform
in which they tutor. We conclude the paper with a discussion of these findings.
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1 Introduction

This paper builds on recent research exploring the application of analytics to measure
SRL (e.g. [4] [8]). We explore how process mining can be used to track the influence
of tutor practices on learner SRL in online one-to-one human tutoring settings. Our key
Research Questions are presented below:
1. Which signifiers can be used to track the influence of tutoring practices on
learner SRL, in a Virtual Classroom Environment (VCE)?
2. How can we use process mining to detect variations between high and low
performing groups of tutors’ practice, regarding their influence on students’
SRL?

2 Methodology and analysis

We have followed the methodology set out in [8] to i) Develop a framework of
signifiers using a mixed-methods approach, ii) Implement the framework of signifiers
using process mining. For our empirical work, we partnered with an industrial supplier
named Third Space Learning, which delivers mathematics tutoring for primary school
children aged 10 years old. Students and tutors log into a shared online environment,
and the student works through a pre-designed online set of questions, with the guidance
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of a human tutor on an interactive whiteboard. The data available for analysis includes
log data from the virtual classroom environment (VCE), learner audio files and tutor
audio files. More information on the methods and findings can be found here.

2.1  Developing the framework of signifiers

We have built on the research conducted in [7] and adopted the Winne and Hadwin
model of SRL [9] as the foundation for our Framework of Signifiers. We have inter-
preted the model based on the context of our research. More specifically, tutors are
regarded as an external Condition, which influence the cognitive and metacognitive
Operations of the student across the four phases of SRL. Micro-level processes and
signifiers have been identified using a mixed-methods approach. This included a liter-
ature review and an empirical review of 50 randomly selected tutoring sessions.

Table 1. A framework of signifiers for tutor practices

Micro processes Signifiers Relevant
studies

Boosting motivation Praise. Effort points, stickers [2]

Metacognitive prompts Prompting the student to monitor un- | [1]
derstanding, plan approach

Directive engagement Instructions, with command words [3]

Explanatory engagement Utterances in which the tutor explains | [5]
part or all of the concept [6]

Guided engagement Tutor asks closed-ended guestions

Open-ended engagement Tutor asks open-ended questions

Passive engagement Observing student

Table 2. A framework of signifiers for student operations

Micro processes Signifiers Relevant
studies
Searching Student locating information [5]
Monitoring Student overtly monitoring, asking for | [10]
help, writing and erasing [11]
Assembling Student computing answer
Rehearsing Repeating tutor or question, copying
Translating Asking a challenging or clarifying
question, explanatory utterances

2.2 Implementing the framework of signifiers, using process mining

We collected samples of 55 online tutoring sessions conducted by high and low per-
forming tutors. Tutor performance was determined using human evaluator rankings,
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with the top fifteenth percentile and bottom fifteenth percentile of tutors being selected
respectively. We coded data based on the framework of signifiers, using the approach
presented in [4]. We implemented our framework using a proprietary adaptation of
Fuzzy Miner called Disco, configured to show only the most significant events and
transitions adjusting the parameters accordingly.
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Figure 1: The process model of low ranked tutor dataset, mined with Disco algo-
rithm
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Figure 2: The process model of high ranked tutor dataset, mined with Disco algo-
rithm



3

Discussion

Our analysis showed that the process maps for the low ranked tutor group differed

from the process maps for the high ranked tutor group in terms of both the structure of
the map and also the types of prominent events and transitions. Overall, there is a rela-
tively narrow range of events that are considered significant in the low-ranked cluster,
with tutor-led practices, such as instruction and explanation, being the most prominent.
In contrast, the high ranked tutor group exhibits a broader range of significant events
and transitions, and the process map is more complex. Tutoring practices extend beyond
the platform and include open-ended questions and metacognitive prompts. These find-
ings align with past research ([4] [6] [7]) and have the potential to be used to i) design
intelligent support for tutors in VCEs, ii) tutor training on these behaviours to improve
their practice and student SRL.
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