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Abstract

Automatically extracting actionable knowledge from on line
social media has attracted a growing interest from both
academia and the industry. However, little clarity exists in
relation to what actionable knowledge is, whether it can be
measured and where it is more likely to be found. This
paper makes an attempt at answering the above questions by
gaining a better understanding of actionable knowledge in
Twitter.

Introduction

Actionable knowledge discovery from user-generated
content is a commodity much sought after by industry and
market research. From topic clustering (Xiaofeng 2001) to
sentiment analysis (Pang and Lee 2008), academic research
has produced a range of data mining approaches that are
being used by social media analytic services to produce
aggregated summaries of on-line conversations. These
aggregates are then used by marketing experts to ‘extract’
actionable knowledge, or to put it simply, they are
‘interpreted” in order to identify potential business
strategies. The need of experts shows that these summaries
still contain much ‘noise’ or, in other words, they contain
comments that cannot be directly acted upon. Our
argument is that if we could automatically filter out such
‘noise’ and only present actionable comments, then the
decision making process would be easier. We argue that to
achieve such a goal we must gain a better understanding of
what actionable knowledge is, where it can be found and
what kind of language structures it contains. The aim of
this paper is to do so by analysing actionable knowledge in
on-line social media conversation and, specifically, in
Twitter. As a first step, we clarify the notion of
actionability: we consider as actionable those expressions
(or tweets) that contain a request or a suggestion that can
be acted upon. Actionability is henceforth defined as ‘the
measure of actionable knowledge in a statement’ (Simm et
al. 2010). This notion of actionability builds on the
findings from previous interdisciplinary research looking
into ways for capturing actionable knowledge through
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digital platforms ‘in the wild’” (Whittle et al. 2010). For

example, let’s examine the following two tweets:

A.“Yes, give power to communities..BUT DON'T TAKE
AWAY ALL THEIR RESOURCES FIRST’

B.‘We're building a nasty society not big. Horrible’

Both tweets contain an opinion about the same topic
(e.g. society/social innovation). However, tweet A suggests
two clear actions (‘give power to communities’ and ‘don’t
take away their resources’) while tweet B simply shares a
negative view on the subject. We argue that tweet A says
something ‘more’ than tweet B in that A contains
actionable knowledge and B does not. We believe that it is
important to understand not only sow people feel about a
topic but also what actions they would like to take and to
be taken. To this aim, we first identify which types of
tweets are more likely to contain actionable knowledge.

Tweet Types and Hypothesis Testing

Three types of tweets are here identified: closed, open and
retweeted (Boyd, Golder and Lotan 2010, Honeycutt and
Herring 2009; Java et al. 2007). We investigate if
actionable tweets can be more frequently found in any of
these categories. Closed tweets address one or more
Twitter users via the sign @ followed by the username of
the intended recipient. Retweets are reposted tweets and
they usually contain the string RT followed by @username
where ‘username’ indicates the person that posted the
tweet in the first place. Open tweets are tweets that do not
fall in either of the above categories.

Our first hypothesis tests whether different types of
tweets (closed, open and retweeted) contain different levels
of actionability. We also argue that there is another type of
tweet: the ‘linked tweet’, a tweet that links to a topic via a
hashtag (#). This is a conversational style which is unique
to Twitter and it is established when users intentionally
include the hashtag to both ‘label’ and ‘link into’ a public
conversation. The present research focuses on the use of a
specific hashtag (#bbcqt) and reports the results of this
initial case study. The #bbcqt hashtag is used for BBC
Question Time (BBCQT), a current affairs discussion
programme broadcast every Thursday on BBC One in the
UK. We chose BBCQT for two reasons: (a) it is a long-
standing programme with a well established Twitter
audience and (b) its choice of topics (e.g. budget cuts,



immigration laws) is designed to fuel discussions amongst
the audience. For this, we argue, it should serve as example
of an actionable knowledge ‘trigger’. Hence the second
hypothesis to test is whether tweets that contain the #bbcqt
hashtag (BBCQT tweets) have higher levels of
actionability than tweets randomly sampled from general
conversation. Finally, we test whether there is a different
distribution of tweet types across three datasets (third
hypothesis). In summary, we analyse the data in three
steps: firstly we manually annotate the three subsets with
actionability scores. Secondly we test our hypotheses by
performing statistical analysis on the annotated data. We
then use WMatrix (Rayson 2008) to automatically identify
language patterns in actionable data.

Research Context

Much research exists on the use (Java et al. 2007),
usefulness (Agichtein et al. 2008) and quality (Ghosh and
McAfee 2011) of user generated-content. Twitter, in
particular, has attracted researchers from a very early stage
due to its publicly available content and its conversational
nature (Zhao and Rosson 2009). Much research also exists
on automated content analysis in the field of sentiment
analysis (Hopkins and King 2010) and topic extraction
(Cataldi, Di Caro and Schifanella 2010). In addition, the
concept of actionability is not a new one: areas of research
include knowledge discovery (Cao and Zhang 2006),
opinion mining (Pang and Lee 2008) and crisis
communication (Neubig et al. 2011). However, very few
have so far attempted a clear definition of actionability
(Simm et al. 2010) or focused on its structures and the
context of its exchange. In this study, we focus on the
dynamic aspect of the language as we aim to investigate
how people ‘use language to bring about change’ (Thomas
1995).

Statistical Analysis

We analyse three datasets of a combined total of 941
tweets extracted from a full dataset of 2 million tweets
posted from the British Isles over a period of three weeks
(24th January — 13th February 2011). During this period
three different BBCQT programmes were broadcast: the
first on 27th January, the second on 3rd February and the
third on 10th February.

The first dataset — General Conversation — contains 350
tweets randomly selected from the full set. Firstly, each
tweet is automatically annotated with the three tweet types
(open, closed, retweeted). Each record is then manually
annotated with an actionability score using a 3-point Likert
scale (1=‘not actionable’, 2=‘somewhat actionable’;
3=‘actionable’) by three researchers (kappa-agreement
0.83). The second dataset — Sampled BBCQT — consists
of 304 records. These tweets were randomly sampled (95%
CL, 5% CI) from all the 1,452 tweets containing #bbcqt
and posted during the three-week target period. Finally the
third dataset — 10thFeb BBCQT - contains the full set of
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tweets posted on 10th February, an episode randomly
chosen from the three BBCQT broadcasts. This dataset
contains all the 310 BBCQT tweets posted on 10th
February except the ones that were already included in
Sampled BBCQT.

Summary of Results

Overall 30% of the tweets have been annotated as either
‘actionable’ (18%) or ‘somewhat actionable’ (12%). This
finding indicates that Twitter users share actionable
knowledge in a proportion that could be advantageous for
extracting a first-cut of data when mining large datasets.
This would allow the identification of topics for which the
general public feels strongly enough not only to share an
opinion but also to recommend actions. We test our first
hypothesis to investigate whether different types of tweets
contain different levels of actionability. The Pearson Chi
square test finds no statistically significant relationship (p
> (0.05) between Tweet Types and Actionability. Table 1
provides a summary of results for the other Hypotheses:
2a, 2b and 3.

Table 1 Summary of Results for Hypotheses 2a, 2b, 3

Pearson %2 Results
(p-values)
2a .018 General Conversation contains a significantly
higher proportion of actionable tweets than
Sampled BBCOT
2b .000 10thFeb BBCQT contains a significantly higher
proportion of actionable tweets than Sampled
BBCQT and General Conversation
3 .000 Sampled BBCQT and 10thFeb BBCQT contain a
significantly different distribution of tweets
types to General Conversation
Discussion

The statistical analysis holds some initial interesting
results. Firstly, it shows that Twitter users spontaneously
share actionable knowledge in daily conversation and that
they do so in both open and closed tweets (Hypothesis 1).
Secondly, the tests show that Sampled BBCQT contains
significantly less actionable knowledge than General
Conversation (Hypothesis 2a), but also that different
episodes (e.g. 10thFeb BBCQT) may attract more
actionable comments than others (Hypothesis 2b). We
suggest that a number of factors can impact on
actionability of the BBCQT tweets including (a) the
posting time of the tweets, (b) the topics of discussion and
(c) the panellists. A further investigation finds (a) no
statistically significant association (at p <0.05) between
actionability levels and posting times. As for the other two
factors, namely (b) the topics of discussion and (c) the
choice of the panellists, findings from the automated
content comparison reported below suggest that they are
associated with actionability and they will be therein
discussed. Finally, Hypothesis 3 shows that there are
significantly more open tweets in both BBCQT datasets




than in the random sample suggesting that Twitter users
tend to engage with the audience of a programme as a
whole rather than with specific recipients.

Actionable vs. non-Actionable Data

In this section we wish to investigate the language
differences between actionable and non actionable tweets
in order to identify what we refer to as actionability
markers, language expressions that are more frequently
found in actionable data than in not actionable data. We
use Wmatrix (Rayson 2008) to compare two sets: Set,
containing all the actionable data extracted from the three
datasets (171 tweets); and Set,, containing all the non
actionable data (671 tweets). Wmatrix is a web-based
software tool for corpus analysis and comparison. It is built
on the CLAWS and USAS corpus annotation tools, which
tag each word in the text with its Part Of Speech (POS) and
a semantic category (SemTag). Given the two sets, we then
use Wmatrix to produce three types of frequency lists:
Word, POS and SemTag.

Method

Two sets are prepared: Set, containing actionable data
(actionability score = 3) and Set,,, containing not actionable
data (actionability score = 1). We exclude data with
actionability score of 2 since we are only interested in
comparing data of clear or no actionability. The two sets
are then loaded in Wmatrix which tags the tweets with
POS and SemTags. Three frequency lists are then
compared using the log-likelihood (LL) test. This process
is carried out in two parts: in the first iteration we use Set,
as normative corpus; Set,, is used as normative corpus in
the second iteration.

Discussion

Table 2 and Table 3 show the Keyword and the SemTag
frequency lists for Set, calculated in the first iteration. In
both tables O, is the observed frequency in Set, and O, is
the observed frequency in Set,,. The relative frequencies in
the texts are shown as %, and %,, and sorted on LL value
to show key items at the top. We set the statistical
significance to the p < 0.01 (LL > 6.63). Due to space
restrictions we only report the top-ten scores.

Table 2 Key Word List: Iteration I

Item 0, Yoq Opa Yona LL
should 28 1.2 5 0.07 | 52.29
need 12 051 |0 0 33.2
please 10 043 |0 0 27.67
take 6 026 |0 0 16.6
better 7 0.3 1 0.01 | 13.92
get 17 0.73 13 0.19 | 13.49
jobs 4 017 |0 0 11.07
shut 4 0.17 |0 0 11.07
to 60 2.56 | 105 1.5 | 10.32
would 10 0.43 6 0.09 | 9.96
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Table 2 shows an overuse of modal verbs expressing
duty (should), necessity (need), requests (please),
commands (let’s) and conditions (if). Table 3 contains the
list of SemTags (or topics) and supports these initial
observations with some further evidence.

Table 3 Key SemTag List: Iteration I

O, | %a | Ona | Youna LL USAS NAME
52 1222 [ 17 0.24 | 76.64 | Strong Obligation
16 | 0.68 |9 0.13 | 16.79 | Giving

46 | 1.96 | 71 1.01 | 11.45 | Getting & Posession
7 0.3 2 0.03 ] 10.99 | Evaluation: Good
41 | 1.75 [ 65 093 [ 9.5 Likely

19 | 0.81 | 21 0.3 9.34 Putting, Pulling.

17 10.73 | 18 0.26 | 8.94 Law & Order

14 1 0.6 13 0.19 | 8.85 Allowed

12 | 0.51 | 10 0.14 | 8.66 Employement

32 | 1.37 | 48 0.69 | 8.57 Politics

It shows, for example, that topics such as ‘Politics’
(extracted from Labour, Tories, parties, democracy), ‘Law
and Order’ (e.g. from prisoners, jail, judges) and
‘Employment’ (e.g. job, work) appear in actionable
comments significantly more frequently than in non
actionable comments. For example, the tweet ‘Get rid of
the Tories all they do is cut cut cut cut cut’ contains the
word ‘Tories’ (semantic category Politics’) and the
suggestion (actionable data) of removing the Conservatives
from Government.

Table 4 Key SemTags List: Iteration 11

Oy | Yna | O, | %, LL USAS NAME
80 1.14 |7 0.3 16.85 | Numbers
306 | 437 [ 64 | 2.74 | 1291 | Existing
259 | 3.7 56 | 239 | 8.76 Personal names
15 021 |0 0 8.66 Evaluation: True
13 0.19 | 0 0 7.5 Eval: Authentic
Table 5 Key POS Lists: Iteration I and II
ITERATION I ITERATION II
POS +/ LL POS +/ LL
VM + 43.35 vz + 12.51
VVI + 30.39 JJ + 11.34
VV0 + 27.29 MC + 9.88
VM21 + 8.3 VBZ + 9.6
TO + 7.9 DDQ | + 7.74
POS description POS description
VM modal auxiliary 1 General adjective
VVI infinitive VVZ "s" form of verb
VVo Verb base form MC Cardinal number
VM21 modal auxiliary VBZ is
TO Inf.tive marker DDQ | wh determine

Finally, there is an overuse of the theme ‘Evaluation:
good’ extracted from words such as ‘better’, which
conveys the need for improvement: ‘Exactly. Re-offending
is the real issue here. They need better support, not better




conditions’. In the second iteration, we compare the two
sets by using Set,, as normative text for Set,. Table 4
shows an overuse of ‘Personal Names’ in non actionable
tweets: Twitter users seems to share subjective opinions of
no actionable ‘substance’ when commenting about
panellists or members of the audience, as shown in the
tweet ‘In conclusion on: Mehdi Hasan BAD Jaqui Smith
and Ming Campell TOLERABLE Francis Maude and
Douglas Murray GOOD’. The POS frequency list in Table
5 supports these initial observations.

Conclusions

This paper makes the following four key contributions:
first (1), it introduces the concept of actionability as a
complementary feature to automated content analysis
which traditionally focuses on sentiment and topic
extraction. Second (2), it applies the concept of
actionability to social media analysis and finds that people
spontaneously share actionable knowledge in Twitter
irrespectively to the type of conversation (e.g. closed or
open tweets). Third (3), it uses BBCQT as case study to
investigate Twitter users’ response to potential
actionability ‘triggers’ (e.g. debates on current affairs). It
finds that actionability can vary across the BBCQT data
and suggests that such variation may be related to a
number of factors such as the topic of discussion or the
panellists on show. The automated comparative analysis
between actionable and non actionable tweets (4) supports
these two observations: we find an overuse of modal
auxiliaries and infinitive verbs (POS) as well as topics (or
semantic categories), such as ‘politics’ and ‘employment’
in actionable tweets, whereas named entities (e.g. personal
names) are more frequent in not-actionable tweets. In
summary, we argue that research on actionability provides
a new perspective to opinion mining in that it taps into
aspects of the idea generation process currently missed by
traditional content analysis approaches.
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