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ABSTRACT

Our research is part of an ongoing project to provide tools to
support the individual learning needs of lifelong professional
learners. In the advanced learning technology research community
there is an increasing interest in personalizing learning technology
according to the evolving knowledge needs of the learner and the
changing knowledge within their profession. In this paper we
propose an approach to supporting the lifelong professional learner
that adapts as the learner and the knowledge base itself change. The
novelty of our approach is threefold. First, we use data from social
media to gain insight about a professional learner’s knowledge, in
particular to diagnose the gaps in their knowledge. Second, we
don’t just diagnose what learners know and don't know, but we also
try to determine what they know about what they know and don’t
know. Third, we track how the domain of expertise is itself
changing. Ultimately our goal is to build an open learner modeling
system wherein the gaps in the knowledge of professionals can be
indicated to them at any point in time while providing personalized
help also. In this paper we describe the architectural design of this
system.
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1. INTRODUCTION

In the advanced learning technology research community, there
is increasing interest in lifelong learning and in particular in
tracking the evolution of both the learner and the knowledge to
be learned [19]. Rapid technological advances are leading to
massive ongoing change in society and work, driving the need for
lifelong learning of the new skills and knowledge needed to
succeed in this changing world [20]. As knowledge evolves,
learners will need to continually update their knowledge and skill
to effectively participate in continuous vocational and
professional development [22]. Professional learning is an
important subset of lifelong learning and a burgeoning area of
advanced learning technology research [1]. Traditionally, the
majority of support provided to professionals by their
organizations is oriented around their specific job role, which
might not necessarily keep the professional’s knowledge up to
date with broader developments in their profession. We would
like to support such a lifelong professional learner.

In our research we drew on ideas from the ecological approach to
learning systems [21], wherein vast amounts of data about
learners and their interactions with the world are mined “just in
time” for patterns that can inform pedagogical decision making.

! Stack Overflow is a publicly available dataset, and as such does
not require ethics review for such data as there is no expectation of
privacy

Such data-driven, just in time modelling allows the learning
support system to actively respond to changes in both the learners
and the knowledge to be learned. In our work on professional
learning our goal has been to mine the peer-peer interactions of
software developers who are using the Stack Overflow (SO)
online forum so that we can find gaps in the knowledge of these
software developers. The Stack Overflow (SO) forum is a
“question and answer site for professional and enthusiast
programmers” [http:/stackoverflow.com/]'. This online forum
contains the questions and answers, profiles, badges, reputation
scores, and other data of over 5.5 million users. There are over 30
million questions and answers. This is truly a large scale repository
of information about programmers and their help needs.

Having found gaps in the knowledge of professionals, we
envision building an open learning support system wherein these
gaps can be recommended to them at any point in time while
providing personalized help also. This would allow for learner
reflection, planning and self- monitoring which could promote
learners to take greater control and responsibility over their
learning.

2. STACK OVERFLOW OVERVIEW

Figure 1 below illustrates a typical question and answer in Stack
Overflow (SO). Users in SO can vote up or down questions and
answers, as indicated by the up and down arrows shown in Figure
1. The person who asks the question can mark one of the answers
given as accepted; this is signified by the check mark sign in Figure
1. All questions are tagged in SO to indicate the subject area the
question falls under. A question can have a maximum of five tags
since a question could be related to more than one subject area. For
instance, the question depicted in Figure 1 is related to “ios”, “osx”
and “swift”. The total up-votes and down-votes obtained by each
user in all their posts is shown by their reputation score in their user
profile. An overall view of each user is kept in their user profile that
includes the popularity of the individual in the forum.

User Table.

The user table contains personal information about the activities of
over 5.5 million users on SO. Evidence of the know-how of users
is shown by their reputation score. The posted questions and
answers are voted up and down by other community members
depending on their usefulness. Some usage statistics of the user
table are shown in Table 1. As can be seen about 88% (4,847,640)
of the users have reputation values less than or equal to 50 while
0.000145% (8) of users have reputation value greater than 50000.
The Stack Overflow reputation data fits a power law in which the



majority of users have a low reputation score; the higher the score
the fewer the number of users.
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Figure 1. Illustration of a Question and Answer in SO
(Adapted from http://stackoverflow.com/tour)

Table 1. User Table: Descriptive Statistics

Description Minimum | Mean Maximum | Standard Deviation
Reputation 1 122 8620598 2170.77054
Up votes 0 13 150311 156.66573
Down votes 0 1 667744 253.59685
Profile Views 0 15 1169435 619.38672

Tag Table.

Tags are used in SO when creating questions to depict the
knowledge area of the question. The tag table contains all tags in
SO used to label questions and answers. Out of over 44,000 tags in
this table, only 445 tags have over 10,000 related posts while over
25,000 tags have fewer than 50 related posts.

Post Table.

The post table in SO is the biggest table and is where all questions
and answers are stored. Currently there are over 30 million posts on
SO. The content of this table includes post id, creation date, and
number of post views, message body, owner user id, owner display
name, last activity date, last edit date, tags, title, answer count and
number of comment to answers.

3. SYSTEM ARCHITECTURE

This section describes the architecture of our system to support
lifelong professional learners. While the overall system has not
been implemented and tested as yet, we have run 3 experiments
aimed at exploring how to inform the underlying learner model
with information that has been mined from the Stack Overflow
forum. In these experiments we explored how to diagnose a
learner’s state of knowledge, how to measure the influence of
peers, and how to predict future states of knowledge from past
states®. The source of our data is, as discussed, Stack Overflow.

2 These experiments have been written up in papers that are
currently under review. Our purpose in this paper is not to describe
specific experiments but to provide an overview of our goals and

Information such as knowledge interactions between
professionals, questions and answers, up votes and down votes
received, badges earned, and tags used serve as input into the
system. Our first results have been promising, and have informed
the design of the architecture.

.The five major components of the system consist of the Learner
Model, the Evolving Knowledge Ontology, Knowledge
Diagnosis, Social Filtering of the Diagnosis and the Open
Learner Model. A diagram outlining the architecture is shown in

Figure 2 below.
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Figure 2: Architecture of the Proposed System

The detailed description of the functionality of each component
of the system is discussed in the following sub-sections.

3.1 Learner Model

The learner model contains information about the knowledge
interactions for each individual user, the questions asked, the
answers given, up votes and down votes received, badges earned,
reputation score, and last login information for each individual user
(who we also will refer to as the “learner”). Posts (questions and
answers) made by the learner would be used in inferring their
knowledge interests, and this creates the possibility of tracking
changes in these interests over time. These interests can be inferred
from the tags used in posts by each learner. As the tags change, the
inferred knowledge interests of the learner change dynamically
along with them. All of these interests over time will be represented
in the learner model, which therefore not only captures current
interests, but also a record of how these interests evolved. The
knowledge interests of the learner during a period of time period ¢
would be determined by mining all tags employed in questions
asked by the user within ¢. We compute the tag distribution
employed in question posts for each user as shown below.
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The count of questions asked by learner u for tag i is represented
by Ni, while Ntotal shows the total number of questions asked by the
learner for time period ¢ for all the tags represented in learner
model. Computing D(u,t) shows the tag distribution for each user
for the time period z. As the knowledge needs of the learner evolve
from time period 7 to the next time period, we can compare how the

approaches for a system faced with the challenge of supporting
lifelong professional learning. We feel this is an appropriate goal
for a workshop paper, and we hope we have succeeded.



knowledge interests of the learner differ within this period of time.
In establishing this comparison, we compute di similarly to Liu et
al. [2]:

dy(X,Y) =T, |x; - ;| and d,(X,¥)=max;(jx; - ;)

X and Y represent the tag knowledge interest distribution of the
learner for two time periods. di represents the variation in the
knowledge interest of the learner between the two periods, while dw
represents the maximum variation in the interests of learners
between the time frames. The smaller the value of di, the closer the
similarity in the knowledge interests of the learner between the two
periods of time. Tracking how the knowledge interests of a learner
evolve over time would help in adapting support so it can be
focused on the current knowledge interests of the learner.

In addition to tracking tags, the learner model also keeps a record
of the learner’s questions and answers, which ones have been up
voted or down voted, what badges have been earned, the learner’s
reputation, and so on. These can be useful in interpreting levels of
learner knowledge and respect (see section 3.3 below), and as with
tags tracking changes over time can be informative (for example as
reputation levels wax and wane).

3.2 Evolving Knowledge Ontology

This “evolving knowledge ontology” module of the proposed
system would contain knowledge areas drawn from tags used in
questions. As mentioned earlier, tags in SO helps in classifying
questions into different knowledge areas and also in identifying the
questions whose answers would interest a user. While asking a
question, it is possible to use at most 5 tags in SO. An example of
a typical question in SO with tags assigned to it is shown in Figure
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Figure 3: Sample Question in Stack Overflow

As shown in Figure 3, the four tags used in creating the question
are git, git-commit, git-reset, and git-revert. While four tags were
assigned to this question, it could be inferred that this question is
broadly related to git and more specifically git-revert. This implies,
looking at the tags used in posts, relationships between these tags
could be inferred. For instance, git-commit, git-reset, and git-revert
could all be said to be related to giz. This leads to the requirements
of this module: not only to serve as a repository for all tags used in
posts, but also, to build a tag ontology which could represent how
all tags used in SO are related. Currently there are 44,917 tags
existing in SO with the possibility of more been added as new
knowledge areas emerge. These tags vary in their popularity among
users in the forum. We aim to build a hierarchical tag ontology
representation that would depict the relationship between tags. The
parent-child relationship would be determined based on the co-
occurrence of tags as used when creating posts. Jaccard Coefficient
[28] would be used to calculate the co-occurrence of tags as shown
in the formula below:

Taga Tags

(Taga + Tags - Taga Tags)

Taga and Tagg are the number of times Taga and Tagg have been
used in posts, while Taga Tagg represents the number of times the

two tags occur together in posts,. Using the Jaccard coefficient (JC)
computation above, the closer the JC between two tags to 1, the
closer to each other they would be in the hierarchy. For instance, as
shown in figure 3, the JC between “git” with each of git-commit,
git-reset, git-revert and any other related tags that have been used
with “git”, would be computed. The positioning of these tags for
the branch of “gi” on the hierarchical tag ontology would be
determined base on the closeness of the JC to 1. Again, the
envisaged tag ontology module would evolve dynamically over
time. As new tags are being created, this information would be
added to the tag ontology repository, while older tags with less
popularity could be labelled as of fading interest. The rise and fall
in the popularity of tags as represented in the tag ontology would
also serve as a guide to identifying knowledge trends within the
software development profession. We believe a forum like SO with
currently over 5.5 million professional users and over 30 million
posts, is an appropriate forum to infer knowledge trends within the
profession. For instance, a new tag, which has attracted a huge
number of views from users within period of time t, could represent
a trending new topic within the community while an older tag with
lesser views and usage from users within period 7 could represent a
fading topic.

3.3 Knowledge Diagnosis

Professionals, however well trained and experienced, often have
gaps in their knowledge, and are often unaware of these gaps.
Previous studies [3,4] have classified the knowledge of a person
into four possible “knowledge states”: the things we know we
know, the “known knowns” (KK); the things we know we don’t
know, the “known unknowns” (KU); the things we are not aware
we know but we do know, the “unknown knowns” (UK); and,
lastly, the things we don’t know we don’t know, the “unknown
unknowns” (UU). Detecting the knowledge states is the goal of the
“knowledge diagnosis” module, with a particular focus on
determining the “knowledge needs”: the KU and UU that constitute
“gaps” in the professional’s knowledge [29].

In diagnosing the knowledge states of each individual learner for each
knowledge area represented in the ontology, we would employ the
number of up votes and down votes received by the learner for each
respective knowledge area. The “known knowns” would be
determined by looking at the distinct answers the user has given
under each tag that were up-voted. The “known unknowns” would be
determined by looking at the tags of questions the user has asked. The
“unknown unknowns” would be determined by looking at the tags of
questions that the user has answered where the answer was down
voted. As to the “unknown knowns” these seem less informative, so
at this stage we have not sought heuristics to find “unknown
knowns”.

In diagnosing the knowledge state of the learner for a given topic
in the knowledge ontology at a given time period t, we simply count
the number of KK, KU, and UU posts for “leaf node” tags in the
ontology for a given learner and determine the relative percentage of
each. The highest percentage exhibited by the user is diagnosed to
be their knowledge state for the topic represented. For instance, a user
whose evidence of KK for java is 70%, KU for java is 20% and UU
for java is 10%, would be determined to know java, i.e. java is a
“known known”. Once leaf node knowledge states are determined,
these can be propagated to higher level nodes on a ‘“highest
percentage of children” nodes basis. Again, these knowledge states
are added to the learner model, indexed by time period t.



3.4 Social Filtering of the Diagnosis

Having inferred the current knowledge interests and knowledge
states of a learner u, we want to determine what this implies about
the learner’s evolving knowledge needs and possible ways the
learner might be helped in meeting these needs. We do this using
a social filtering approach. We compare learner u at time t to other
learners with similar learner models at a given time period ti in
the past. These similar learners are useful in at least a couple of
ways. First, these similar learners could be a source of advice or
help in overcoming learner u’s knowledge gaps, assuming that
the similar learners themselves have done so (i.e. knowledge
inferred as UU in the past is now in state KK). But more
interestingly for our system, it is possible to look at what
happened to the similar learners in order to predict what will
happen to learner u going forward. Particular knowledge gaps
may be seen to have been very important in generating lots of
questions and confusion on behalf of the similar learners, while
others may turn out not to have had much impact at all (with no
further questions related to these knowledge areas). These
insights can be used in helping to categorize and prioritize the
knowledge needs for learner u.

This kind of collaborative filtering, common in recommender
systems for example, allows our ecologically adapting open
learning system to continuously be comparing any given learner
to other similar learners, and “push” that learner forward in
directions that have proven useful to his or her peers. All of this,
in turn, is in line with our goals that the learning system evolves
naturally along with the professional learners and their discipline
itself.

3.5 Open Learner Model

The overall goal of this research is to inform professionals about
their individual knowledge needs. The aim of the “open learner
model” module of the proposed system architecture is to provide
a support system that gives feedback to the professional learner
about their knowledge states, an open learner model for them to
peruse. This module displays to the learner their diagnosed
knowledge needs, as defined by the detected gaps and socially
filtered by comparison to learners who had similar knowledge
gaps. The social filtering can allow inferences about what is
important and not important. It can also allow inferences to be
made as to an appropriate order in which the knowledge needs
could be met (essentially what would be called an “instructional
plan” in AIED), again based on what worked well for similar
learners and in what sequence.

There are a host of issues around how to do these inferences, how
to display these to the learner, how to explain the nature of the
gap to the learner, what kinds of interactions and control the
learner will be allowed, and so on. These are the subject of current
research. We are confident, however, that the Stack Overflow
database is a rich source of insight about even these “HCI” issues,
and perhaps even can directly supply content (for example
recommending SO posts that explain the nature of a particular
knowledge gap).

In the future we hope to be able to use similar techniques to find
patterns in how other users have behaved in SO that would help
to predict forgetfulness in the knowledge of the learner and thus
allow us to be able to prompt the learner when evidence of
forgetting arises. Also, in future we envisage the possibility of
augmenting the online forum with other information about the
professional: their resume or e-portfolio, their LinkedIn profile,
the artifacts they produce (e.g. code), the tasks they have been
assigned, job performance evaluations by themselves, their peers

and their man-agers, etc. Multiple sources of knowledge like this
would be a rich mine for further understanding of the knowledge
states of individual users. Such sources would also offer the
possibility of more refined personalized diagnosis, not only of
KK, KU, and UU, but also of UK (where, for example, behavior
in an online forum that indicates knowledge of various topics
could be compared to an e-portfolio for topics not mentioned as
known by the professional).

4. RELATED RESEARCH

Today, learning has become part of our daily life. Lifelong learning
is a necessity for all of us, but particularly so for professionals,
whose knowledge and skills are challenged by changes stimulated
through the emergence of new technology [5]. The ongoing need to
acquire knowledge transcends the walls of the classroom with a
need to continuously improve skills, competence and knowledge
[6]. The internet and the World Wide Web have contributed greatly
to this need for lifelong learning, but provide new opportunities to
support this learning as well.

Lifelong Professional Learning

From an advanced learning technology perspective, lifelong
learning has created interesting areas of research touching upon
personalization, collaboration, ubiquitous learning and much else
[7]. Systems to support lifelong learning need to be able to adapt to
the specific individual learning needs, preferences, gaps, and goals
of each professional. Some important aspects of such
personalization include the ability to reuse existing information
across applications, to be able to do life-logging of the activities of
professionals, and to support professionals’ self-monitoring and
reflection [8, 9]. Issues such as forgetfulness, continual change in
learning goals, and interoperability of models of learners across
various devices and applications are challenges in effectively
personalizing learning in lifelong contexts [8, 9, and 10].

Bartkowiak performed a user study to determine factors responsible
for gaps in the knowledge of professionals [11]. Results obtained
from this study show that employees identified ineffective
communication, lack of practical experience, and poor business
management as causes of competency gaps. Employers identified
efficiency of staff, ability to combine theory and practice, and lack
of experience in the organization as possible causes of competency
gaps. This study concludes that high self-awareness and ability to
apply theoretical knowledge to practical problems are important.

Ley et al. [12] measured gaps in professionals’ knowledge by
comparing the previous tasks performed and tasks to be performed
in the future. Ley and Kump [13] argued that the number of tasks
performed is a weak measure in assessing the competency of
professionals. Rather, qualitative differences in events are more
effective in determining competency, and these can be captured in
knowledge indication events (KIEs). KIEs also have limitations.
First, emotional states of professionals could interfere with their
performance [12], even down to their keystroke behavior [14].
Also, collecting too much detailed information about a user could
pose a challenge, as the data would grow in geometric proportion,
even though only a small fraction of the information collected
would be useful for adapting and personalizing the system [15].

As in this other research, we are trying to detect gaps, but rather
than looking at knowledge indication events based on tasks
performed, we instead examine the online behavior of professionals
as they interact with one another in an online forum (Stack
Overflow), seeking evidence of what they know and don’t know.
We are especially interested in their unknowns, the “gaps” in their
knowledge: both their “known unknowns” (KU) and their



“unknown unknowns” (UU). As discussed we hope to be able to
diagnose the gaps in professionals’ knowledge in order to build
learner models that could inform the professionals themselves of
their knowledge gaps and how to overcome these gaps.

Recommender Systems

Some of our techniques, as discussed above, are drawn from
recommender systems. Recommender systems have gained
increasing popularity over time both within the learning community
and in industry [16]. The use of recommender systems in the
education domain differs from other domains, meaning that some
traditional techniques can be adapted while others cannot [19].

The application of recommendation techniques in learning systems
has been geared towards adapting learning resources to learners
based on their learning preferences and preferences of past users
[23, 24]. Also, it has been applied to modelling individual
differences between students, so that the learning software can be
personalized according to each student’s interest [25]. Zaiane [26]
applied web-mining techniques to build an agent that could
recommend online learning activities or shortcuts to learners in
web-based course. The recommender agent consisted of the
“learning” module that learns from past learners’ activity and the
“advising” module, which applies the learned module to offer
recommendation to students. Heraud et al. in their work provided
contextual help to learners by adapting their learning session in
providing link structure for the course [23]. Social relationships
among individuals have been studied by mining social networks in
ITS using collaborative filtering where recommendations are made
about the interests of a user based on the preferences of other users
with similar tastes [24]. This is similar to our use of collaborative
filtering, although we are interested in finding gaps and we are
reasoning over a much more complex learner model. Further, as
discussed in section 3.4, we hope to be able infer pedagogically
useful sequencing information (simulation experiments in our lab
have already shown that this is potentially possible [27]).

Tang and McCalla in 2003 proposed an evolving web-based system
that can adapt itself to learners and to the open web. Building on
this study, Tang et al. employed learners’ interests and accumulated
ratings given by other learners in recommending learning resources
[17]. The success of this study was its ability to go beyond the
confinement of closed learning environments by extending the
recommendation of learning resources to include the open-web.
Even though this work had similar goals to ours, it was fairly small
scale, aimed at learning a known curriculum, and not designed for
lifelong learning. The research never contemplated an actual
system using a noisy, real world environment such as Stack
Overflow that would be active for years.

Although, recommender systems have already gained prominence,
the “cold start” problem of building the initial data needed for
recommendation remains evident [16, 18]. Movielens.org, a
recommender system for movies addressed this problem by asking
new users to rate their preferences for movies before the system can
provide recommendation. This solution does not apply to learners,
who in most cases are not able to rate learning artefacts in advance
as they might not have sufficient prior knowledge. However, cold
start isn’t as big a problem in our context as in other contexts, since
there are millions of users with which to compare any given user.
New users can be mapped to other new users from the past, and
after only a few interactions with SO important insight can be
gained about how the new user compares to the many users who
have gone before him or her.

S. DISCUSSION AND FUTURE WORK

The competency of professionals has been determined in the past
mainly by tracking their job performance [18]. This is not sufficient
to judge their overall competence in their profession since the
specific job (and workplace) will likely require only a subset of the
skills they need to be fully capable professionals. Our approach to
diagnosing their knowledge needs by comparing their competency
with their peers, would allow professionals to see if their skill is
rising or falling in comparison with others in their profession.
Diagnosing their specific knowledge states would allow the
lifelong professional learner to identify specific strengths as well as
to identify gaps in their knowledge of which they might not even
be aware. Even as the knowledge within the profession evolves
over time, so also do the learning interests of the learner. The
recommendations proffered to the learner would likewise evolve.
Adapting learning to continuous change in knowledge within the
profession is vital in keeping the learner up-to-date with the current
knowledge states.

Even though (as mentioned in the introduction) we have carried out
3 experiments in which we have explored various aspects of this
approach (including mining the data of hundreds of thousands of
SO users), we, of course, need to do further implementation and
evaluation, ultimately of the full architecture. However, in a
workshop context we wanted to present a strong argument at the
conceptual level for our approach in order to stimulate discussion.
We feel that this research, even in its current “in progress” status,
is interesting and original in its arguments, especially for the use of
social media as a major source of insight about professional
learners’ knowledge; in the use of knowledge states (KK, KU, and
UU) that emphasize the awareness of the professional about their
knowledge not just the knowledge itself; and in being designed for
anoisy real life lifelong learning context. Perhaps most importantly
our approach is ecological and evolutionary in the sense that it
naturally evolves as the world changes, and is potentially capable
of tracking changes in professional learners as well as changes in
the profession itself without the need for a massive ongoing
knowledge and software engineering effort. We look forward to a
vigorous (and hopefully constructive!) discussion.
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