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ABSTRACT

The mechanism of Self-Regulated Learning (SRL) is a
complex interactive process involving cognitive self-
regulation. Self-regulation is enacted by learners when they
form specific learning strategies that they actively or sub-
consciously adopt in order to enhance their learning ex-
perience. Our research concerns the development of a
framework that allows for Mixed Initiative Interactions
(MI1) to help the learners optimize their learning strategies
and help them self regulate better. We represent the under-
lying SRL tactics and strategies in an ontology. We utilize
production rules to translate and disseminate SRL tactics
and strategies represented in the ontology. This paper fo-
cuses on the design and development of the production
rules. We describe how the production rules are employed
in the context of a mixed-initiative system named MI-
EDNA.

Categories and Subject Descriptors

1.2.4 Knowledge Representation Formalisms and Methods
— representation languages, semantic networks.

1.2.6 Learning — Knowledge Acquisition
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INTRODUCTION

Self-Regulated Learning (SRL) has been studied exten-
sively as a possible means to help organize the tactics and
strategies adopted by learners [18]. In e-learning environ-
ments, learners are exposed to multiple sources of online
information in a non-linear manner. Learners are expected
to adapt their learning strategies while studying these
sources. Regulating one’s tactics and strategies in an online
learning environment requires planned learning processes
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that use prior established knowledge along with the newly
gained contextual information based on the principles of
SRL to improve cognition [9]. Learners need to analyze the
learning situation, set meaningful learning goals, and de-
termine which strategies to use, assess whether the strate-
gies are effective in meeting the learning goals, evaluate
their emerging understanding of the topic, and determine
whether the learning strategy is effective for a given learn-
ing goal [3]. A crucial skill of the learners that leads to their
successful learning is the ability to self-regulate their cog-
nitive processes and to remain self-motivated with regards
to the task of collating the plethora of available information
sources into a comprehensible amalgamation that may be
used to satisfy their learning needs. In consideration of this,
our research emphasizes the need for a system that scaf-
folds the learner to represent, recognize and regulate their
cognitive processes.

Scaffolding involves modeling the learning task and gradu-
ally delegating responsibility to the students. It involves
providing educational resources, problems or tasks for
solving, templates for learner use and exhaustive cognitive
guidance. Scaffolding provides the necessary support for
the learners to successfully engage in a learning process.
There are various degrees and types of scaffolding as ex-
plored in the fields of Intelligent Tutoring Systems and
Educational Psychology [13]. In our approach, we consider
scaffolding as a mechanism that allows learners to reflect
on their tactics and strategies and to ground their reflection
with respect to specific SRL models.

We have implemented the ontological representation of
tactics and strategies employed by learners as part of their
learning activities in a system named MI-EDNA. In MI-
EDNA, we represent learner interactions in an ontology
along with specific models of SRL. Specifically, we have
an explicit representation of Zimmerman’s [16] 3-phase
SRL model in our ontology. We have also designed and
developed production rules that match patterns of learner’s
cognitive processes with the tactics and strategies repre-
sented in the ontology. As a result of this pattern matching,
we can trace the self-regulatory capabilities of the learners
with respect to the underlying Zimmerman‘s SRL model
and generate scaffolds that would help learners Self-
Regulate with far greater ease. Detailed advice, direction of
the learner’s attention, and alerts to channel the sequence
of activities are essential to for a learner to perform within
the scaffolded environment. We hope to implement a scaf-



folding mechanism that would help reduce cognitive load
and lead to enhanced learning efficiency..

The rest of the paper presents an overview of Mixed-
Initiative Interaction systems, a summary of scaffolding
mechanisms across the domains of reading, composition,
and problem-solving, a categorization of scaffolds that we
employ in MI-EDNA, and finally discuss how we employ a
rule-based inference mechanism as an integral component
of mixed-initiative scaffolding.

Mixed Initiative Interaction

Mixed-Initiative Interaction (MII) is a naturally-occurring
feature of human interactions. Mixed Initiative (MI) Inter-
action [2][14] comprises a new set of methodologies that
propound the need for independent initiative taking to as-
sume control of the conversation within the context of dis-
cussion. The motivation behind our research is to capture
the process of this natural phenomenon and deduce reasons
for interactions initiated by the system. Mixed-initiative
systems exhibit various degrees of involvement in regards
to the initiatives taken by the user or the system. In any
discourse, the initiative may be shared between either, a
learner and a system agent, or between two independent
system agents. Both the parties in question establish and
maintain a common goal and context, and proceed with an
interaction mechanism involving initiative taking that op-
timizes their progress towards the goal. One of the key ele-
ments for successful mixed-initiation is the ability of the
system to recognize opportunities for mixed-initiative in-
teractions.

Our system initiates interactions that are based on the prin-
ciples of Self-Regulated Learning (SRL) in online learning
depending on the learners’ progress in the domain. SRL is
a theory that concerns how learners develop learning skills
and how they develop expertise in using learning skills
effectively. SRL comprises a set of strategies and tactics
employed by learners to regulate their own learning proc-
esses. It arises from two key observations. First, learners’
goals for learning take precedence over goals set by teach-
ers, authors of curricula, and developers of learning ob-
jects. Second, learners are in charge of how they learn.
They choose which study tactics and learn-
ing/composing/problem-solving strategies to use as they
strive to achieve their goals. Research shows learners often
set unsuitable goals, have a limited repertoire of learning
skills, often do not use learning skills they have, and fre-
quently need extensive help to manage learning and col-
laborative tasks. These provide the opportunities for sys-
tem-initiated interaction. In MI-EDNA, opportunities for
mixed-initiative interactions are recognized based on the
sequences of strategies and tactics used by the learners. The
system observes the fine-grained interactions of the user
with the online material, translates such interactions into
coarse-grained strategies and tactics, recognizes patterns of
usage of strategies and tactics, matches these patterns
against the optimal strategies and tactics prescribed by

SRL, and triggers system-initiated interactions to scaffold
the learner who has strayed away from optimal SRL strate-
gies.

In many earlier systems the control of the discourse was
granted to one agent, be it the learner or the system [6][5]
or alternatively, a passive listener was created [7] who does
not assume control. To overcome the mechanistic method-
ologies adopted in the design of such systems mixed initia-
tive interactions are incorporated in many interfaces which
allow for either agent (human or the system) to interrupt
and take the initiative in a discourse or a dialogue. This is
similar to the way that humans often asynchronously as-
sume control of the conversation while speaking within the
context. Seeing the growing importance given to mixed
initiative dialogues, developing models using mixed-
initiatives has become critical to environments where learn-
ers interact intelligently with a system [10].

An MI based mechanism would thus be ideal in order for a
system agent to monitor the progress of a learner who is
engaged in the learning environment and present periodic
recommendations to the learner while establishing a rele-
vant context that could prove helpful to the learner for self-
regulation. We mimic such mixed-initiative behaviour of
the system agent using a production rules.

ENCODING SCAFFOLDS IN MI-EDNA

We have modeled a few scaffolding tactics and strategies
in MI-EDNA based on the scaffolding/fading techniques
addressed in [3] and [17]. Scaffolding encourages learners
to plan their learning process, to monitor their emerging
understanding, to use different strategies to learn, to handle
task difficulties and demands, and to assess their emerging
understanding in comparison with other learners. In es-
sence, MI-EDNA helps a learner to self-regulate as well as
to co-regulate with fellow learners.

In most tutoring systems, it is easy for a learner to lose in-
terest in learning and leave the computer without the con-
sent from the tutoring systems [12]. Research also shows
that novice and weaker learners fare better in highly struc-
tured programs with high system intervention while ad-
vanced learners with higher ability are better judges of their
own need for system help and intervention [1]. Therefore,
in order to obtain better tutoring outcomes, a tutoring sys-
tem should emphasize effective engagement of learners in
the learning process and be adaptive to each individual
learner.

The scaffolding mechanism discussed in the context of MI-
EDNA has the ability to dynamically adapt to most learn-
ing patterns. We contend that adding a degree of motiva-
tional discourse to the entire dialogue would gain and sus-
tain the learner’s attention, provide learning experiences
and offer a satisfying experience by boosting the learner’s
confidence.

MI-EDNA obtains a large base of learning patterns from
interactions of learners when they use the gStudy system



[18]. gStudy provides a framework for active online learn-
ing that allows learners to self regulate their learning proc-
ess. It presents domain-specific kits that consist of organ-
ized collections of connected learning material. The learn-
ers engage in various learning activities within gStudy in-
cluding marking, highlighting paragraphs, note taking,
online help, compiling, composing, and so on. These inter-
actions along with the domain specific knowledge of the kit
in current use are comprehensively monitored and recorded
in interaction logs. The interaction logs are then parsed and
instantiated into the ontology in MI-EDNA for use as a
knowledge base for the application of the rules. MI-EDNA
uses this knowledge base to recognize patterns of tactics
and strategies enacted by the learners. Our rule based sys-
tem, as a subset of the MI-EDNA system, operates on this
instantiated ontology to obtain a set of facts that capture the
current interactions of the user with the gStudy system. The
production rules match the tactics and strategies adopted by
learners to specific phases and variables of SRL. The pro-
duction rules also peer into the meta-data associated with
the domain-specific kit of gStudy that is currently in use by
the learner and use the information obtained to ascertain
the current topic under study. The topic under study cou-
pled with the learner strategies captured in the instantiated
MI-EDNA ontology are used to establish a context for pro-
viding learning scaffolds. Once the context of current
interaction has been established, the production rules
decide on appropriate feedback. The degree of system
initiated interaction is also monitored and closely matched
to the level of self-regulation exhibited by the learner in
question. The amount of scaffolding and regulation re-
quired by learners varies and so the system engages novice
users in a more structured manner, frequently interacting
with them to help them adopt the SRL mould. Advanced
learners on the other hand are subjected to weaker and
more flexible manners of interaction which allow for much
greater levels of user freedom. Also, a fading mechanism is
proposed as part of the final system which would oversee
the transition of novice learners into more advanced
moulds and correspondingly fade out the degree of

seaelds,Providessearch direction involves implementing
the rule set for the MI-EDNA system. We have finished
with a preliminary identification of the domains of scaf-
folding for MI-EDNA and the specification of the rule set.
We are currently proceeding with integrating the scaffold-
ing rule set with the MI-EDNA mixed-initiative interaction
mechanism and are planning for an eventual integration
with the gStudy system.

Different domains require specific types of scaffolding to
varying degrees. In the next section we identify the three
domains that we address in MI-EDNA and highlight how
we customize the scaffolds based on the principles of SRL.

Domains in MI-EDNA

Scaffolds are customized to the needs of each learner and
are presented to the learner at opportune times when the
system chooses to initiate an interaction. The scaffolds con-
tain cognitive and/or meta-cognitive feedback. This also
promises to ease the transformation of their study strategies
to incorporate self-regulatory mechanisms.

We contend that online learning using gStudy and MI-
EDNA helps learners converge towards optimal SRL
strategies. However, in a pool of a large number of learn-
ers, it is often noted that some learners do not converge
towards optimal SRL strategies due to failure to represent,
recognize, regulate, and react to their learning process.
Overall, studies indicate that highly self-regulating learners
tend to outperform the rest in hypermedia environments
[4].

The interactions of the user with gStudy pose a wide rang-
ing test-bed for implementing the recommendation mecha-
nism that would help ease the transition of learners from a
conventional approach to one based on SRL strategies and
at the same, embedding motivation within the superstruc-
ture.

In order to meet our goal of providing SRL-based scaf-
folds, MI-EDNA bases its recommendations on the type of
interaction mode that the user is currently using:

e Reading Mode: This mode implies an interaction proc-
ess where learners are engaged in reading-oriented
tasks using the gStudy system. The learners work with
a learning-kit that is specially created for a given do-
main of knowledge. The reading processes involve in-
teractions such as browsing, highlighting and making
notes. The system captures the reading interactions of
the learners and tracks the self-regulation strategies
enacted by them. The interactions captured while op-
erating in the reading mode are based on the processes
and strategies that learners choose to adopt while using
the learning-kit opened in the gStudy system. Once
these logged interactions are instantiated into the on-
tology, a set of preliminary facts is generated for the
rules to base their firing sequence upon. On the basis
of this information, scaffolds are generated by the fir-
ing of rules in a certain sequence. The system then
takes the initiative to provide these scaffolds to the
learner. Table 1 shows a sample mixed-initiative read-
ing interaction between a learner® and the system in the
Reading mode.

Table 1 - Sample Learner-System Reading Interaction

Learner <begins a reading session>
Learner Browses the web page
Learner Highlights a paragraph
Learner Highlights a paragraph

! A rather obedient and compliant learner!



engages the learner in devising a composition plan.
Later, the system tracks the development of the com-
position as reflected in the ontology with more interac-
tion details. The structural validity is inspected with
respect to the plan as well as with respect to the re-
quirements of the exercise. The system takes initiative
when learners deviate from the plan or the require-
ments. Initiatives originating from the system concen-
trate on helping the learner identify strategies to refine
his/her form of expression and organize his composi-
tion as per the plan and the requirements. Table 2 -
Sample Learner-System Writing Interaction. Table 2 shows
a sample writing interaction between a learner and the
system.

Table 2 - Sample Learner-System Writing Interaction

Learner Highlights a paragraph

System <at this time the system takes initiative to

(Takes suggest feedback> It appears that you have

Initiative) | highlighted the content 3 times. May | sug-
gest that you take notes corresponding to
your highlights?

Learner <reverts back to the last highlight and cre-

(Takes ates a note of type ‘Important’ on the high-

Initiative) | light (without elaborating the importance of
the highlight)>

System May | suggest adding a brief paragraph de-

(Takes scribing the context for the note for future

Initiative) | reference?

Learner <adds a paragraph explaining why the high-
lighted text is important>

Learner <highlights a paragraph, and makes an ‘Im-
portant’ note with elaboration>

Learner <highlights a paragraph, and makes an ‘Im-
portant’ note with elaboration>

System It appears that you feel comfortable making

(Takes ‘Important’ notes, may | recommend also

Initiative) | exploring other types of notes in the future.
For example ‘Critical Detail’ and ‘Signifi-
cant Study’.

Learner <starts a composition session by selecting
and modifying a composition plan (struc-
tural outline) from a list of plans presented
by the system>

System In addition to a composition plan, a good

(Takes composition would benefit from the devel-

Initiative) | opment of a concept map.

Learner <takes some time revising the composition
plan and generating a concept map>

Learner <starts to write the essay by typing a long
paragraph of text>

System Is the paragraph too long?

(Takes

Initiative)

Learner <splits the long paragraph into multiple

short paragraphs; continues with the action
in the composition plan>

Learner <changes previous ‘Important’ note to
‘Critical Detail’>

Learner How is the ‘Important’ note different from a

(Takes ‘Critical Detail’ note?

Initiative)

System <explains the difference between the notes>

Learner <highlights a single word>

System In addition to taking notes, you may also

(Takes define names for the glossary and define

Initiative) | concepts.

Learner How do | access the glossary after | define a

(Takes name?

Initiative)

System You could toggle the drop down menu in

(using between the table of contents and the kit

gEliza?) details at the left of the browsing screen.
Selecting ‘Glossary” will let you view it.

Learner <continues with work>

Problem-solving Mode: gStudy and MI-EDNA can
also engage learners in problem-solving activities.
Presently, the system captures the interactions of the
learner who is writing Java-based programming code.
We are currently working to include a built-in IDE? to
write, compile, and debug Java programs within the
system. The IDE would support interactive compile
time feedback based on the production rule set for the
domain. The system would take the initiative at com-
pile time and base its scaffolds on the syntactic and
structural errors in the composition of the program.
Table 3 shows a sample problem-solving interaction
between a learner and the system.

Composition Mode: Our system can also present the
learner with a series of composition exercises. To start
with, the system acquires a context for interaction from
the usage patterns of the learner that are instantiated in
the composition domain ontology. Then, the system

2 A dialogue-based help system that is modeled after the famous
Eliza (from the literature of Artificial Intelligence)

Table 3 - Sample Learner-System Problem-Solving Interac-
tion

Learner <starts a Java Programming session>

Learner <writes five lines of code without internal

% Integrated Development Environment for Programming




documentation>

Learner <compiles the code>

System You are missing: 1) inclusion of system

(Takes libraries and 2) internal document that helps

Initiative) | in planning the code. I also think that you
are compiling too soon.

Learner <writes more code; includes the required
class libraries; forms templates for the user-
classes as part of the internal documenta-
tion>

Learner Compiles the program again.

(Takes

Initiative)

System Good! Are we self-regulating or what! An-

(Takes other good strategy in coding isto <...>

Initiative)

These interactions highlight the importance of SRL-
oriented scaffolded feedbacks and how they possibly influ-
ence the learning process. Even though the interactions
look superficial, we believe that most novice learners
would benefit from such scaffolded mixed-initiative inter-
actions to improvise their self-regulatory skills.

CATEGORIES OF SCAFFOLD

FEEDBACKS

Among the various scaffolding techniques that we have
observed in the literature, we are focussing on the follow-
ing five categories of scaffold feedbacks as shown in Table
4. They are:

e Content Scaffolds are based on the content that the
learner is currently interacting with in a session. For
instance, the system can help the learner set long-term
and short-term goals.

e Process Scaffolds guide the learner to monitor his/her
learning processes. For instance, the system can assist
the learner in formulating a learning strategy and trace
the learner activities with respect to the strategy.

e Learner Knowledge Scaffolds are based on the subject
knowledge of the learner as modeled by the system.

For instance, based on the recent quiz results, the sys-
tem can advice the learner to review specific sections
of the content.

e Normative Scaffolds place their emphasis on the norms
established by other learners in group-study or class-
room settings. The feedback offered here is expected
to help a learner learn by emulating the tactics of oth-
ers. For instance, learners may wish to query the sys-
tem to reflect on the best reading practices of a fellow
learner who consistently scores top grades in the class.
Based on this reflection, the system may revise the
reading strategy for the learner.

e Context Scaffolds offer standardized Knowledge of
Correct Response (KCR) [13] where the system pro-
vides relevant information when it is aware of the in-
formation required by a learner in response to his/her
interactions. For instance, when the learner does not
understand a particular word with respect to a reading
task, the system can provide related information from
the glossary or the concept map.

In order to present the scaffold feedback, the system recog-
nizes opportunities to take the initiative from the learner.
We choose to implement the scaffolds using a rule based
system because of the inherent flexibility that is imparted
by them. Our production rule system provides a basis for
easy representation of the interaction features in the form
of facts allowing multiple aspects of interaction (as multi-
ple facts) to influence the firing of a rule. Beyond simply
checking for a specific interaction feature, the firing of a
rule based on multiple interaction facts helps the system
easily analyze the user’s process to determine whether the
user is making errors that might be corrected through task
analysis and scaffolding. Rules also do not require training
data, unlike most probabilistic methods of analysis and are
thus less prone to the characteristically individually unique
nature of human interaction. Thus production rules provide
an ideal vehicle to be able to analyze the variables of SRL
and form scaffolds on their basis. Table 4 presents a de-
tailed view of the scaffold feedbacks.

Table 4. Categories of Scaffold Feedbacks

Categories | Sample System Scaffold Initia- Rules example Tactic/Strategy

tion Opportunities Suggested
Content Goal setting strategy sugges- | The system evaluates the topic under study and helps the | Goal Formation
Scaffolds tions learner form a set of short- and long-term goals.

Providing reference material

The system provides sources of information that are relevant
to the set of goals established for the given content.

Goal Oriented
Resource ldentifi-
cation

Help learner focus attention
on important sections

If the learner takes notes only on certain topics, then system
recommends other document locations that are linked to the
same topic, which the learner may not be aware of.

Linked Resource
Identification




If the learner makes a ‘question’ note and if an answer ap- | Linked Knowl-
pears nearby or has been identified in the learning material, | edge Collation
then the related topic is presented.
If a majority of learners spent a considerable amount of time | Collaborative
reading a section, then associate the speed of reading with the | Emulation
corresponding content and the performances of learners in
evaluation exercises related to that content.
Based on the learner’s inter- If the learner is only highlighting, then the system recom- | Self Study Im-
action, the system can guide mends the use of taking notes to the highlighted text. provisation Tac-
him/her specific SRL tactics tics
Process Reminders for incomplete If the learner takes notes but doesn’t write anything in the | Self Study Im-
Scaffolds tasks notes, the system recommends filling in short descriptions to | provisation Tac-
help the learner recall. tics
Students may be prompted to go back to ‘question’, ‘to do’, | Task Recollection
‘don’t understand’ and ‘debate’ notes on which they have
not elaborated.
After observing the structural | If a learner tries to write an essay as one long paragraph then | Written Structural
details of learner composi- prompt the learner to follow a standard pattern or template. Standardization
tions, standardization may be
suggested
Learner System compares results of System evaluates learning outcomes and compares the | Goal Based
Knowledge learner interactions with progress with respect to the established goals, giving a | Evaluation
Scaffolds goals performance appraisal.
The system provides feed- The system can show the learners’ knowledge status based | Progress Level
back on the learner’s current | on the learner’s model. Reflective Moti-
knowledge level vation
Normative Based on peer interactions The system shows the learners their standings in re- | Comparative
Scaffolds and accomplishments, the gards to the score or the learning style with respect to | Motivation
system can initiate compara- | their peers.
tive accomplishment statistics
Context Context-Based Help If the learner highlights a word and makes a ‘Don’t Under- | Knowledge of
Scaffolds stand’ note then the system searches in the Glossary for that | Correct Response
word and then provides the reference to the learner.
the delivery of SRL-based feedback. In summary, MI-
CONCLUSION

MI-EDNA represents the scaffold feedbacks in terms of
production rules. Using a rule based inference mechanism
for scaffolding paves way to build a dynamic and robust
interactive system that offers recommendations based on
the asynchronous actions of the learner. Thus, inherently
the system gains a degree of initiative taking®, albeit still
dependent on the actions of the learner. The calculation of
the degree of initiative taking corresponding to a set of
interactions determines the fading effect (systematic and
graceful degradation of support) of the system with respect
to the requirements of the learner.

Presently, our work focuses only in recognizing tactics
enacted by the learners, envisage the underlying strategy
that spawned the tactics, and recognize opportunities for

4 Currently, the degree of initiative taking is dependent on the
frequency of opportunities for system initiations and the impor-
tance of the category of the scaffold feedback.

EDNA observes the fine-grained interactions of the learner
with the online material, populates these interactions in an
ontology, automatically translates these interactions into
fine-grained tactics, predicts the coarse-grained strategies,
matches these observed tactics and strategies against the
optimal tactics and strategies prescribed by SRL, triggers
system-initiated interactions to prompt and guide the
learner who has strayed away from optimal SRL tactics and
strategies, enables a logic-based query interface for learner-
initiated interactions, develops a cognitive model of skills
of the learner, and attempts to revise the ontology based on
the model.

The gStudy project has already shown promise with initial
student trials which suggest that it would be highly benefi-
cial to their learning process [8]. We believe that rule based
systems help achieve better interoperability between vari-
ous knowledge domains and allow operations on different
knowledge representations. Some of the research directions
that are open to future research include a) knowledge engi-



neering of applied educational psychology domains such as
reading, composition and problem-solving, b) a model of
the self-regulatory capabilities of learners, ¢) an evaluation
of the influence of mixed-initiative interactions and inter-
faces, d) the development of a cognitive model of the self-
regulatory skills of the learner, €) employing MI-EDNA for
co-regulated learning, f) the verification and validation of
the underlying SRL model based on the cognitive model, g)
providing a common ontological SRL framework for geo-
graphically distributed learners and instructors in a blended
online learning environment, g) explanation-aware SRL
modelling and scaffolding and h) a study of the effect that
actively provided scaffolds, based on the context estab-
lished, would have on the cognitive load of the learner.
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