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Abstract. This paper presents a computational model for measuring diversity in
terms of variety, balance and disparity. This model is informed by the Stirling’s
framework for understanding diversity from social science and underpinned by
semantic techniques from computer science. A case study in learning is used to
illustrate the application of the model. It is driven by the desire to broaden
learners’ perspectives in an increasingly diverse and inclusive society. For
example, interpreting body language in a job interview may be influenced by
the different background of observers. With the explosion of digital objects on
social platforms, selecting the appropriate ones for learning can be challenging
and time consuming. The case study uses over 2000 annotated comments from
51 YouTube videos on job interviews. Diversity indicators are produced based
on the comments for each video, which in turn facilitate the ranking of the
videos according to the degree of diversity in the comments for the selected
domain.
Keywords: diversity model for learning, semantics, user comments analytics,
video rating.

1 Introduction
Videos are considered one of the main resources for learning. For instance, YouTube
was ranked the second most popular social resource that has been used for informal
learning by students [1]. One of the challenges that faces the learners and tutors is the
tremendous amount of videos available in social environments (e.g. 300 hours of
video are uploaded to YouTube every minute1). Finding the right videos can be time
consuming, especially if the learner is seeking knowledge in ill-defined domains such
as culture or body language.
Social interactions around videos (e.g. user’s textual comments, likes, dislikes,
etc.) offer a rich source of information about the video itself, the users, and the subject
domain. These interactions can provide access to diverse perspectives on the subject
domain and users can learn from each other vicariously.
In “The Wisdom of Crowds”, Surowiecki argues that one of the elements to have a
wise crowd is to have a diverse crowd [2]. A diverse crowd could provide different
1

http://www.statisticbrain.com/youtube-statistics/

perspectives or expertise by users from different backgrounds. This research aims to
analyse the social cloud (e.g. YouTube videos with associated user comments, user
profiles and other metadata) for the identification and ranking of suitable videos.
Combining social computing and semantic techniques, this paper attempts to answer
the following research questions:
Q1: What metrics can be used to measure diversity in user comments?
Q2: How to rank videos based on diversity in user comments?
The rest of the paper is structured as follows: Section 2 positions this research in
related techniques used to analyse user comments and introduces a diversity
framework that informed the development of the model for this paper. Section 3
introduces the proposed semantic-driven diversity model and the steps to
operationalise the model. Implementation of the model as the Semantic-Driven
Diversity Analytic Tool (SeDDAT) is presented in section 4. Section 5 shows the
results from the application of SeDDAT in a study with YouTube videos. Section 6
concludes and presents future directions.

2 Related Work
Techniques for Classification and Ranking of Videos. Data mining techniques
have been used to exploit the richness of user interactions around videos, especially
user comments, for various purposes. For example, a mechanism for filtering
comments was proposed by Serbanoiu & Rebedea to identify relevant comments on
YouTube videos using classifications and ranking approaches [3]. Similarly, using
classification techniques a study by Siersdorfer et al. shows that community feedback
on already rated comments can help to filter and predict ratings for possibly useful
and unrated comments [4]. Using the state-of-the-art in learning to rank approaches,
the user interactions or “social features” were shown to be a promising approach for
improving the video retrieval performance in the work introduced by [5]. For
improving video categorisation, a text-based approach was conducted to assign
relevant categories to videos, where the users’ comments among all the other features
gave significant results for predicting video categorisation [6]. Underpinned by data
mining techniques, Ammari et al. used user comments on YouTube videos to derive
group profiles to facilitate the design of learning simulated environments [7]. Galli et
al. conducted a study that used different data mining techniques to analyse user
comments to introduce a re-ranking method which produced a new ordered list of
videos that is originally provided by the YouTube recommender [8].
Semantics Techniques for Diversity Modelling. Semantics offers a great
potential for diversity modelling by providing an explicit structure to position the
model within the domain of interest. A new research stream in exploration of
diversity of individual’s views in social media platform has emerged. A formal
framework has been developed for extracting individual viewpoints from semantic
tags associated with user comments [9]. Research has shown that linked data can be a
useful source for enriching user modelling interactions when bringing new user
dimensions, such as cultural variations [10]. New work has also emerged on the

interpretation and analysis of social web data with a strong focus on cultural
differences - for example, a comparison between Twitter and Sina Weibo [11].
Likewise, recent work has also shown how data analytics can benefit the workforce
engagement in enterprise contexts[12].
Framework for Understanding Diversity. An extensive study by Andy Stirling
on measures for diversity shows how diversity has gained interest in different
disciplines such as ecology, economics and policy [13]. His study shows that diversity
has been measured based on three different dimensions, using Stilring’s terminology,
variety, balance and disparity. These dimensions have been used in three different
ways to indicate the level of diversity: one concept diversity (e.g. variety only as in
ecology); or dual concept diversity by combining two dimensions (e.g. variety and
balance as used in economics), or triple concept diversity as a combination of variety,
balance and disparity (e.g. as an aggregated value of the three dimensions as proposed
by Stirling). The Stirling framework has been used in different domains, such as
cultural diversity for policy and regulation [14], cultural diversity in the cinema,
television and book industries [15], [16], [17], and spread of subjects in
interdisciplinary research [18]).
Informed by the Stirling diversity framework, this research uses the semantic
annotations of user comments on videos to facilitate video ranking according to
diversity.

3 A Semantic-driven Diversity Model
The diversity dimensions, variety, balance and disparity are defined as follow [19,
p.709]:
Variety is “the number of categories into which system elements are
apportioned”.
Balance is “a function of the pattern of apportionment of elements across
categories”.
Disparity is “the manner and degree in which the elements may be
distinguished”.
Underpinned by semantic techniques, these dimensions will be used separately and
in combination as indicators to measure diversity in user comments against an
ontology representing a domain of interest, which will be labelled as domain
diversity.

3.1 Preliminaries
Basic Components. The main input of the proposed model for measuring diversity is
which have been created by users
a set of textual comments
.
while interacting with a set of digital objects
Social Cloud Components. Every digital object
has a set of users
who commented on
where every user
has written at
least one comment on .
Every comment
is associated with a user
and a digital object
where
has made while interacting with
in a social space. The textual
; it is
comments created by a user
are denoted with
assumed that
. Similarly, the textual comments associated with a digital
object
are denoted with
It is assumed that some data are available to characterise the digital objects and the
users. A digital object
can have some metadata that represents key features,
e.g. title, author, media type (e.g. video, text, and image), and date. These metadata
. Similarly, it is assumed that
are presented as a vector
for every user
some profile data is collected, e.g. user age, gender, nationality,
.
expertise. This is captured in a user profile vector
Semantic Underpinning. As the starting point for the semantic-driven analytics
pipeline, the textual comments would be semantically annotated using an ontology
representing the domain of interest. The set of annotated comments will be used for
the diversity analysis.
Domain Ontology. The ontology is structured as
, where:
is a set of ontology entities
, where C is a set of classes that
represent the domain categories, I is a set of instances representing the individuals
which belonging to the classes, and
.
H
is a set of hierarchical relationships between entities H
subClassOf instanceOf , where
defines
that is a subclass of ; and
defines that is
an instance of class .
Semantic Annotation. Every comment
is tagged with a set of entities
, where  . The set of ontology entities associated with all
is denoted as
.
comments in

3.2 Metrics for Domain Diversity
Measuring diversity requires the identification of the system elements and categories
of the system elements[19]. For this paper, the system elements are - the entities

used in annotating the user comments. The categories in which system elements can
be apportioned are
- domain ontology classes. Therefore, the diversity dimensions
- variety, balance and disparity of domain diversity of the digital objects, are defined
as follows:
Variety . The number of ontology super classes (i.e. domain categories) into which
the entities from annotation (i.e. system elements) are apportioned.
|

(1)
Balance . The proportions
of entities from annotation across the ontology super
classes that are identified for variety . Shannon Entropy index is used for this
research. An alternative, Shannon Evenness, is not used as it will give infinity results
when variety is equal to one.
ln

(2)

, where

Disparity . The manner and degree in which the entities from annotations may be
distinguished. This investigates how scattered/dispersed the entities from annotations
are within their super classes, which could be referred to as disparity within
categories. An internal validation index Ball-Hall [20], based on clustering, is adapted
to measure the dispersion dis(c) within each super class where a semantic distance
measure (shortest path [21]) is used to calculate the distances between entities for
each super class.
, where
min

(3)
, and

is the medoid2 of category

2

A medoid is the most centrally located item in a cluster that has minimal average distances to
all the other items in the cluster [22].

4 An Overview of SeDDAT- Semantic-driven Diversity Analytics
Tool
Implementation: The semantically-driven model is operationalised using Java, Jena
APIs and SPARQL queries resulting in the semantic-driven diversity analytics tool,
SeDDAT. It is depicted on the right hand side of figure 1.
Input: SeDDAT takes as an input the annotated user comments, ontology that
represents the domain of interest and used for annotating the comments, user profile
and digital object metadata. To calculate domain diversity, SeDDAT retrieves the
entities from an xml file and then uses the extracted entities for further calculations.
Output: Given the domain ontology, the algorithms of this tool calculate a vector
of the three diversity dimensions (variety, balance and disparity) for each digital
object.
Figure 1 shows how SeDDAT is used for measuring the diversity in user
comments. The process goes through three layers: the social interactions layer, where
the social cloud (user comments, user profile, and digital object metadata) is
collected; the semantic layer, where a selected domain ontology is used to annotate
the user comments; and the diversity analytics layer, where SeDDAT extracts the
entities used in the annotations of the user comments, calculates the diversity of these
entities that are mapped against the domain ontology, and ranks the digital objects
according to the selected metrics.

Fig. 1. The process of producing ranked digital objects according to diversity in user
comments.

5 A Case Study- Application of SeDDAT on Video Ranking
In order to test the proposed diversity model, SeDDAT was used on a set of videos
about job interviews. Apart from the verbal communications, body language is one of
the aspects that may influence the outcome of the interaction between the interviewer
and interviewee. In an increasingly inclusive and diverse society, it is important to
understand the different possible interpretations of the body language signals to avoid
misunderstanding. This study aimed to test the usefulness of the diversity metrics in
the selection of videos that contain the most diverse range of comments relating to
body language in job interview. There is an assumption that the higher the diversity,
the higher the potential of a video for broadening and deepening the learners’
awareness.
5.1 Input Dataset
The input dataset was an xml file, obtained from a previous study by Despotakis [23].
It contains a) videos metadata: video ID, URIs of the YouTube videos on job
interviews with associated title, category, author, duration, b) user profiles: nickname,
age, gender, location, and occupation, and c) annotated comments: comments with
associated ontology entities and their URIs . A body language ontology was used to
semantically annotate the comments (an automated process).
The assumption for SeDDAT is that the ontology and the semantic annotations of
the comments are sound. Only a subset of the data was used for this study:
51 videos were randomly selected from over 200 videos.
2949 associated comments were extracted.
1223 unique entities from annotations were extracted.
5.2 The Domain Ontology
Body language3ontology, which was used to semantically annotate the comments and
assist the process of calculating the diversity dimensions, has eight domain categories
(top super classes): body motion; body position; body language; body language signal
meaning; body sense function; object; kinesics; and nonverbal communication (see
figure 2).

Fig. 2. A protégé snapshot of the domain categories (top super classes) of the selected domain
ontology.
3
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5.3 Results
The extracted entities from annotations were passed through the three algorithms
designed to calculate the diversity dimensions as shown in figure1. The results (data
associated with each video as well as diversity dimensions) were saved in a
spreadsheet for further analysis. Table 1 shows the diversity dimensions of a sample
of seven YouTube videos with some of the associated data: video ID and number of
comments and entities from annotations.
Table 1. Sample results of seven YouTube videos sorted by video IDs (smallest to largest).
Video
ID

#Comments

#Entities

Variety

Balance

Disparity

103

25

6

2

0.32

39.4

190

5

2

1

0.01

60.5

209

74

48

4

0.68

20.08

363

4

16

3

0.39

25.28

402

425

105

6

1.14

10.65

403

293

68

4

0.85

14.83

788

45

35

5

0.75

15.95

5.4 Analyses and Discussion
A combination of quantitative and qualitative analysis of the results was conducted to
acquire a deeper understanding on the nature of diversity highlighted. Inspired by
Rafols et al. [18], this study used more than one indicator for diversity in user
comments. Each diversity dimension was used separately to rank the videos and then
in combination. Answers to the following questions were sought:
Q1: What does it mean to be ranked top or bottom based on variety?
Q2: What does it mean to be ranked top or bottom based on balance?
Q3: What does it mean to be ranked top or bottom based on disparity?
Q4: What if the three diversity dimensions are used in combination for ranking?
1) Ranking Based on Variety. Videos with high variety indicate that the comments
have covered most or all of the high level aspects of the domain (i.e. the entities from
annotations are apportioned to different domain categories). Therefore, to identify
videos that covered a variety of domain aspects, the video ordering can be based on
the highest to smallest values for variety. As can be seen in table 2, comments on the
top video 402 covered six domain categories (body sense function; body position;
object; body language; body motion; and body language signal meaning) compared to
the bottom ranking video 190 that had comments covering only one domain category
(body language signal meaning).

Table 2. The sample videos ordered top to bottom according to variety.
Video
ID
402
788
209
403
363
103
190

#Comments

#Entities

Variety

Balance

Disparity

425
45
74
293
4
25
5

105
35
48
68
16
6
2

6
5
4
4
3
2
1

1.14
0.75
0.68
0.85
0.39
0.32
0.01

10.65
15.95
20.08
14.83
25.28
39.4
60.5

2) Ranking Based on Balance. Videos with a high value in balance mean that
comments covered evenly the aspects of the domain (i.e. the entities from annotations
are well proportioned across domain categories). See table 3 for the list of videos
sorted based on balance. The video 402 was ranked top, because the proportions
of
its entities are higher compared to the other videos. Table 4 shows the proportions, as
defined in formula 2 in section 3.2, of the two top videos 402 and 403. For example,
body language signal meaning has a total of 1336 entities (classes and instances), and
the proportions of videos 402 and 403 are 52 and 40 respectively.
Table 3. The sample videos ordered top to bottom according to balance.
Video
ID

#Comments

#Entities

Variety

Balance

Disparity

402

425

105

6

1.14

10.65

403

293

68

4

0.85

14.83

788

45

35

5

0.75

15.95

209

74

48

4

0.68

20.08

363

4

16

3

0.39

25.28

103

25

6

2

0.32

39.4

190

5

2

1

0.01

60.5

Table 4. The proportions of videos 402 and 403 across the eight domain categories.

13

4

32

0

0

4

403

40

0

9

0

17

0

0

2

Body senses
function
(6)

1

Kinesics
(1)

Body motion
(118)

Nonverbal
communication
(1)

Body position
(33)

52

Object
(256)

Body language
signal meaning
(1336)

402

Body language
(429)

Video
ID

3) Ranking Based on Disparity. Videos with high disparity indicate that the
comments cover distinctive aspects within the domain categories (i.e. the entities from
annotating the comments are widely scattered within their domain categories).
Therefore, to identify videos that triggered distinct domain aspects around their
content, the videos can be order largest to smallest according to their disparity value
as can be seen in table 5.
Table 5. The sample videos ordered top to bottom according to disparity.
Video
ID

#Comments

#Entities

Variety

Balance

Disparity

190

5

2

1

0.01

60.5

103

25

6

2

0.32

39.4

363

4

16

3

0.39

25.28

209

74

48

4

0.68

20.08

788

45

35

5

0.75

15.95

403

293

68

4

0.85

14.83

402

425

105

6

1.14

10.65

Ranking based on disparity shifted the top videos (e.g. videos 402 and 403) that
were ranked based on variety or balance to the bottom. Similarly, the video 190 that
was ranked bottom for variety and balance came top here.
To investigate this further, the ranked videos were inspected closely using the a)
video content, b) number of comments, c) number of entities from annotations, and d)
samples of user comments. Also, a correlation between the number of user comments
and the diversity dimensions was conducted.
Table 6. The correlation between the number of comments and diversity dimensions.

As can be seen in table 6, the number of comments correlates significantly with the
diversity dimensions. The comments correlate positively with variety and balance and
negatively with disparity. For example, video 402, which had the highest number of
comments (i.e. 425), presents seemingly the appearance (dress code and makeup)
appropriate for working in a certain company, but the comments covered most of the

domain aspects related to body language (highest variety), and more evenly compared
to other videos (highest balance). On closer inspection, the majority of the comments
converged around ‘racial’ theme triggered by watching the video or by discussing the
company’s policy, which might be the cause of the low disparity value.
A high number of domain-related comments is likely to result in a high number of
entities from annotations, but what is important is that the entities from annotating the
comments must be: apportioned to many domain categories to be ranked high based
on variety, or well proportioned across the domain categories to be ranked high based
on balance, or widely dispersed within the domain categories to be ranked high based
on disparity.
A visual inspection of the coverage of domain categories by entities was
conducted. Figure 3 shows two snapshots of the dispersion of the entities from
annotations of videos 190 and 402 within the domain category body language signal
meaning. The snapshots are obtained using the framework ViewS 4 implemented by
Despotakis [23]. As can be seen in figure 3 on the left side, the two entities of video
190 are widely scattered within the domain category (i.e. the semantic distance
between the entities is high). On the other hand, the entities on video 402 are closely
distributed within the domain category (i.e. the semantic distance is low).

Fig. 3. The dispersion of the entities within the domain category body language signal meaning
for the videos 190 and 402.

4) Ranking Based on a Combination of Diversity Dimensions. One way of ranking
based on the combined diversity dimensions is to rank based on variety first, then
balance and then disparity (e.g. largest to smallest). This was raised by the question
“How to differentiate videos with the same variety index?” such as, videos 403 and
209 in table 5.

4

A graph in ViewS shows the entities (classes and instances) of a domain category (super
class). The colored (darker) shapes are the entities from annotating the comments on the
video and the uncolored ones are the entities not present in the user comments.

Table 5. The sample videos are ordered top to bottom according to variety, balance and then
disparity.
Video
ID
402
788
403
209
363
103
190

#Comments #Entities Variety Balance

Disparity

425
45
293
74
4
25
5

10.65
15.95
14.83
20.08
25.28
39.4
60.5

105
35
68
48
16
6
2

6
5
4
4
3
2
1

1.14
0.75
0.85
0.68
0.39
0.32
0.01

6 Conclusion and Future Work
Combining social computing and semantic annotation techniques, this paper
presented a novel mechanism to rank videos based on the diversity in user comments
of these videos. The proposed ranking tool harvests and utilises the richness of the
social cloud, specifically the comments, to benefit tutors and learners by identifying
the videos that have the potential to diversify the learner’s perspectives.
In the future, this research will extend to the other components of the social cloud,
such as user profiles and videos’ metadata, to a) better understand the diversity of the
learners and the users who commented on the videos, and b) enhance the ranking and
recommendation. For example, the user profile can help to understand the
user/commenter diversity, which in turn can be used with the user’s own comments
on videos that he/she has previously watched to nudge him/her to videos that diversify
the current knowledge.
Moreover, the effectiveness of using the Stirling diversity index[19] , calculated by
aggregating the three diversity dimensions (variety, balance, and disparity), will be
investigated, where other indexes for measuring the diversity dimensions will be
explored as appropriate.

References
[1]

I. Yakin and I. E. Gencel, “The Utilization of Social Media Tools for Informal
Learning Activities : A Survey Study,” Mevlana Int. J. Educ., vol. 3, no. 4,
pp. 108–117, 2013.

[2]

J. Surowiecki, The Wisdom of Crowds. Random House, 2004.

[3]

A. Serbanoiu and T. Rebedea, “Relevance-based ranking of video comments
on youtube,” Proceedings - 19th International Conference on Control
Systems and Computer Science, CSCS 2013. pp. 225–231, 2013.

[4]

S. Siersdorfer, S. Chelaru, W. Nejdl, and J. San Pedro, “How Useful are Your
Comments? - Analyzing and Predicting YouTube Comments and Comment
Ratings,” in Proceedings of the 19th international conference on World Wide
Web, 2010, vol. 15, pp. 891–900.

[5]

S. Chelaru, C. Orellana-Rodriguez, and I. S. Altingovde, “How useful is
social feedback for learning to rank YouTube videos?,” World Wide Web, vol.
17, no. 5. pp. 997–1025, 2014.

[6]

K. Filippova and K. B. Hall, “Improved video categorization from text
metadata and user comments,” Proceedings of the 34th international ACM
SIGIR conference on Research and development in Information - SIGIR ’11.
p. 835, 2011.

[7]

A. Ammari, L. Lau, and V. Dimitrova, “Deriving group profiles from social
media to facilitate the design of simulated environments for learning,” Proc.
2nd Int. Conf. Learn. Anal. Knowl. - LAK ’12, no. May, p. 198, 2012.

[8]

M. Galli, D. F. Gurini, F. Gasparetti, A. Micarelli, and G. Sansonetti,
“Analysis of user-generated content for improving youtube video
recommendation,” in CEUR Workshop Proceedings, 2015, vol. 1441.

[9]

D. Despotakis, V. Dimitrova, L. Lau, and D. Thakker, “Semantic Aggregation
and Zooming of User Viewpoints in Social Media Content,” User Model.
Adapt. Pers., vol. 7899, pp. 51–63, 2013.

[10]

R. Denaux, V. Dimitrova, L. Lau, P. Brna, D. Thakker, and C. Steiner,
“Employing Linked Data and Dialogue for Modelling Cultural Awareness of
a User,” in IUI ’14 Proceedings of the 19th international conference on
Intelligent User Interfaces, 2014, pp. 241–246.

[11]

Q. Gao, F. Abel, G.-J. Houben, and Y. Yu, “A Comparative Study of Users’
Microblogging Behavior on Sina Weibo and Twitter,” User Model. Adapt.
Pers., vol. 7379, pp. 88–101, 2012.

[12]

A. Bozzon, H. Efstathiades, G.-J. Houben, and R.-J. Sips, “A study of the
online profile of enterprise users in professional social networks,” in WWW
’14 Companion Proceedings of the 23rd International Conference on World
Wide Web, pp. 487–492.

[13]

A. Stirling, “On the economics and analysis of diversity,” 28, 1998.

[14]

UNESCO Institute for Statistics (UIS), MEASURING THE DIVERSITY OF
CULTURAL EXPRESSIONS: Applying the Stitling Model of Diversity in
Culture, no. 6. 2011.

[15]

J. Farchy and H. Ranaivoson, “Do Public Television Channels Provide More
Diversity than Private Ones,” J. Cult. Manag. Policy, 2011.

[16]

F. Benhamou and S. Peltier, “APPLICATION OF THE STIRLING MODEL
TO ASSESS DIVERSITY USING UIS CINEMA DATA,” UNESCO Inst.
Stat., pp. 1–73, 2010.

[17]

F. Benhamou and S. Peltier, “How should cultural diversity be measured? An
application using the French publishing industry,” J. Cult. Econ., vol. 31, pp.
85–107, 2007.

[18]

I. Rafols, L. Leydesdorff, A. O’Hare, P. Nightingale, and A. Stirling, “How
journal rankings can suppress interdisciplinary research: A comparison
between Innovation Studies and Business & Management,” Research Policy,
vol. 41, no. 7. pp. 1262–1282, 2012.

[19]

A. Stirling, “A general framework for analysing diversity in science,
technology and society.,” J. R. Soc. Interface, vol. 4, no. February, pp. 707–
719, 2007.

[20]

D. Despotakis, “Modelling viewpoints in user generated content,” 2013.

