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Abstract. There is increasing interest in the conceptualization of self-regulated 

learning (SRL) as a dynamic process which unfolds over the course of a learning 

activity. This is partly because this conceptualization could potentially be opera-

tionalized and used as the basis for AI and analytics tools which monitor and 

scaffold SRL in real-time.  However, while there is an abundance of research on 

theories of SRL, little research explicitly reviews and operationalizes such theo-

retical considerations. Work is needed to develop frameworks for the practical 

applications of fundamental SRL theories, helping researchers move from con-

ceptual considerations to operationalization in real world settings. In this paper, 

we propose a theoretically grounded framework for investigating SRL in the con-

text of online tutoring for upper primary school learners. SRL is interpreted as a 

social learning construct, and the framework proposed is designed to investigate 

the influence of tutor practices on the development of learners’ SRL. We present 

the results of a pilot study that explored the applicability of the framework.  
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1 Introduction  

There is increasing interest in the conceptualization of self-regulated learning (SRL) as 

a dynamic process which unfolds over the course of a learning activity. Mapping out 

SRL as a dynamic process is of interest, as it may provide opportunities for real time 

monitoring, evaluation and support of SRL in online learning environments. For exam-

ple, there may be opportunities for intelligent tools which support tutors in real time as 

they scaffold learner self-regulation.  However, there is limited research on frame-

works, which are both theoretically grounded (Matcha et al 2019), and sufficiently 

granular to investigate self-regulation in online learning environments.  

To address this need, this paper proposes a framework to investigate the impact of 

tutor practices on learner self-regulation in online environments. Specifically, we focus 
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on an online tutoring environment in which human tutors teach primary school learners 

(aged 10 years) on a one to one basis, using an interactive whiteboard and tools. We 

identify signifiers from natural language dialogue between tutor and learner, and ex-

plore the applicability of the framework in a pilot study. Our initial findings are not 

intended to be generalized to a population, but aim to build on research exploring how 

to operationalize SRL theoretical models in online environments (Hadwin et al 2007). 

2 Framework development 

The framework has been developed through a two stage, mixed methods approach. 

Firstly, an established theoretical model is adapted to apply to the online tutoring envi-

ronment. In the second stage, we use a data driven approach to refine the framework.  

The framework developed in this research required a granular, fluid model of SRL 

which could be applied to real world settings, and use online data. After the review of 

available theoretical models [Winne & Hadwin 1998, Pintrich 2000a, Zimmerman 

2000), the Winne and Hadwin (1998) model was identified as a suitable model. 

 

  

                
Fig. 1. Winne and Hadwin model (Winne & Hadwin 1998) 

 

The Winne and Hadwin model was selected as it is highly granular and suited to the 

analysis of fine-grained data that is generated from online environments. Further, the 

model synthesizes all the various components of SRL from the literature into a heuristic 

framework (Azevedo et al 2010, Bannert et al 2014).  

The Winne and Hadwin model was adapted to fit our research purposes, namely to 

investigate the impact of tutor practices on SRL. The model recognizes tutor practices 

as an external condition impacting learner SRL. Our framework builds on this, and 

interprets each sub-component to identify tutor practices which may scaffold learner 

SRL. Following the adaptation of the model, online tutoring sessions were observed to 

https://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=2ahUKEwik26zTpf_gAhXGVN8KHUQLCQgQjRx6BAgBEAU&url=https://www.researchgate.net/figure/Winne-and-Hadwins-1998-Four-stage-Model-of-Self-regulated-Learning_fig1_308719887&psig=AOvVaw0ZWrsH6F9B90IGN2nk1G-9&ust=1552572559139079
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identify fine grained actions. For our empirical work, we partnered with an industrial 

supplier named Third Space Learning (TSL), which delivers maths tutoring for primary 

school children aged 10 years old. Learners and tutors log into a shared online environ-

ment, and the learner works through a pre-designed online set of questions, with the 

guidance of a human tutor on an interactive whiteboard. The data available for analysis 

includes the online resources, natural language dialogue audio between tutor and stu-

dent, logfile and whiteboard data. TSL sessions were filtered by topic, and the record-

ings of 50 randomly selected sessions were observed. Fine grained actions that could 

be observed from the data were mapped to the theoretical framework. This exercise 

illustrated that there were a number of tutor actions aimed at promoting certain types 

of engagement by learners which were not yet captured. For example, the theoretical 

framework did not distinguish between tutors who lectured versus prompting learners 

to construct meaning. The ‘Operations’ component was thus broadly defined to refer to 

the nature of tutor-learner engagement, characterized using the Chi & Wyle ICAP 

framework (Chi & Wylie 2014).  The final framework is presented in table 1.   

Table 1. Framework for exploring tutor practices that influence SRL in online environments 

 

3 Pilot study 

We tested the applicability of the framework by applying it to data gathered from tutors 

manually classified as ‘high ranking’ and ‘mid ranking’.  180 tutors were ranked using 

student learning outcomes (30%), tutor evaluation test scores (30%), human evaluator 

Model Operational definition of sub-components  Examples of signifiers 

Conditions Tutor actions and utterances scaffolding learner 

mindset e.g. specific praise) 

Tutor utterances:’ ‘Well done for persevering’.  Tutor 

awarding effort points, pictures and emojis. 

Operations Directive engagement - Tutor instructs or explains  Tutor utterances “To solve this problem, you need to… 

Active engagement -Tutor prompts learner to 

physically manipulate the content  

Tutor utterances: “Please underline the key words” 

Constructive engagement -Tutor prompts learner 

to construct meaning. The question style can be 

closed ended/narrow or open ended 

Tutor utterances (‘narrow’): ‘What is x plus y’?” “Is it a or 

b”     

(‘open ended’’): “How did you work this out”) 

Interactive engagement  A dialogue where both the learner and the tutor have at least 

two turns with constructive utterances 

Products Tutor prompts learner to try to understand the 

question, set goals and plan.  

Tutor utterances: “What does this question mean?” “How 

will you do this”? 

Tutor prompts learner to use of study tactic, or to 

make adaptations to SRL products.  

Tutor utterances: “What method can we use to do this? “Is 

there a different way of doing this?” 

Evaluation 

against 

Standards 

Tutor prompts learner to monitor cognition, meta-

cognition and affect 

Tutor utterances: “How do you feel about this topic?” “Do 

you need help?” 
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scores (30%), and student qualitative ratings for tutors (10%). Tutors in the top ten 

percentile i.e. with a rank between 1-18, and tutors in the 45th to 55th percentile i.e. with 

a rank between 81 and 99 were randomly selected. 121 minutes of audio and whiteboard 

data from 21 sessions for the selected tutors was extracted and manually tagged using 

the framework. The data collected was allocated into time bins, as per table 1:  

Table 2. Allocation of session data into time bins 

 

We plotted the tutor practices against the time bins, with the size of the bubble being 

the average relative frequency of each behavior. Figure 2 shows the results for high 

ranking and mid ranking tutors. We found that high ranking tutors were more likely to 

demonstrate practices scaffolding open-ended constructive engagement, such as 

prompting self-explanation. High ranking tutors embedded monitoring throughout the 

session, while mid ranking tutors used this practice less regularly. We also found that 

tutor practices boosting learner mindset (e.g. specific praise) were more prominent 

amongst high ranking tutors, with a relative frequency of 0.42 for all high-ranking tu-

tors, versus 0.28 for all mid ranking tutors.  

 

Fig. 2. Average relative frequency of high-ranking tutor practices (purple) vs mid-ranking tutor 

practices (red) 

The next stage of work will refine the framework to include non-audio traces of SRL 

behaviour (e.g. use of pointer). We will build the data sample to include low ranking 

tutors, prior to applying modelling and analytics such as process mining and decision 

trees. We will examine whether we can effectively use audio and non-audio traces to 

identify tutor practices scaffolding SRL, and the impact of contextual and macro factors 

on these practices.  We will also analyse the implications of our work for operational-

izing SRL in online tutoring environments, and the potential for building intelligent 

tools, which support human tutors in fostering learner SRL.      

Time bins (mm. ss) 0.00-2.00 2.01-

4.00 

4.01-

6.00 

6.01-8.00 8.01-

10.33 

Total 

High ranking tutors (11 sessions) 20.00 20.58 13.04 04.40 02.25 60.31 

Mid ranking tutors (10 sessions) 20.00 18.02 10.07 07.09 06.25 61.43 
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