University of Twente
School of Management & Governance

Bachelor Assignment

Vincent Poot
University of Twente, P.O. Box 217, 7500 AE Ensahed

E-mail: v.m.poot@student.utwente.nl
Telephone number: (+31)(0)6 24 33 79 97
Student number: s1010506

Supervisor: Dr. A.B.J.M. Wijnhoven
E-mail: fons.wijnhoven@utwente.nl
Telephone number: (+31)(0)5 34 89 38 53

Method for Evaluating Sentiment Analysis Tools

Abstract

Sentiment analysis tools are tools that extract subjective information from texts and process it
into valuable information. A lot of these tools are available for individual users or small
organizations (the laymen), who might not be familiar with these tools. This paper will start
with a literature study on epistemological traditions and sentiment analysis for establishing
criteria to evaluate the value of knowledge generated by sentiment analysistools. Next a
method for laymen to use these criteria for evaluating sentiment analysistoolsis provided
together with an evaluation of several available tools. This paper concludes that the method
provided is useable for laymen in order to critically review a sentiment analysis tool and that
devel opers of sentiment analysis tools need to take biases and their transparency into account
when devel oping a sentiment analysis tools. Ultimately, recommendations for further
research are given.



1. Introduction

With the rise of the world wide web more people eapress their opinions online. Because
of this an organization could for example gatheat analyze information on what people say
about their products online. According to a stughcomScore and The Kelsey
Group(comScore, 2007) more than 75% of the revissvausaid that the review they read
online had a significant impact on their purchaseislon. They also stated that reviews made
by other consumers made more impact than revievsdfgssionals. This shows the value
consumers give to online product opinions fromrtpeers and therefore shows what kind of
value these opinions could have for organizations.

Because reviewing every opinion stated online irsfids, methods and tools for acquiring
these opinions and processing them into valualitenmation have been developed. These
tools and services are called sentiment analysis.té sentiment analysis tool is a tool
someone can use in order to find out what the opirg on a certain topic. It extracts
subjective information from texts in order to ceeatluable information for the user. The
company can use publicly available informationglikwitter-tweets) to search for opinions
on their product. A sentiment analysis tool couthgr this information and classify and
summarize found opinions and their sentiment. Tf@mation could then be used for the
design for their next Smartphone. There are howavWew challenges involved with the use
of sentiment analysis. First of all there are #@hhical challenges. For example an opinion
could be phrased as a double negative or a useg®&iss his opinion about something else in
the same text, this could lead to a semantic ¢ieason problem. Then there is the problem
of the external validity of sentiment analysis népoWijnhoven and Bloemen elaborate on
this problem in their article (Wijnhoven & Bloeme2()13). Three kinds of biases are
discussed that may influence the author of theessgmd opinion: demographics bias,
manipulation of reviews and bias caused by events.

Sentiment analysis tools are used for differenppses, such as predicting the stock market,
forecasting elections or gaining customer opiniemgroducts. Some show to be quite
accurate, such as predicting the stock market biyaimg daily Twitter feed and extracting
the several mood dimensions and using this to giréaie daily up and down changes in the
closing values of the Dow Jones Industrial AverBgdén, Mao, & Zeng, 2011). Others
show to be less accurate, for example tools toigretections. A recent study has shown that
the published research methods for using Twittéa tapredict elections are not better than
chance (Metaxas, Mustafaraj, & Gayo-Avello, 201This shows that further research in the
limitations of these tools is necessary.

A lot of these tools are available for individugleus and small organizations who don't
necessarily know much about how the process ofrsent analysis works. These users are
mainly interested in the result of this analysthea than the technical details of the process.
For these users it can be difficult to find théhtigpol for their purpose in order to achieve
their end-goal in terms of knowledge generatioris Btudy aims to provide a method for
these users (the laymen) to evaluate the knowlgdlye generated by sentiment analysis
tools. The layman could for example be a small+ess owner or anyone with an interest in



sentiment analysis but doesn't have much techkieakledge about these tools. Because a
lot of these tools require technical and prograngtkimowledge the laymen might not be able
to evaluate the tool based on technical details.Kdy question thus is: "How can a layman
critically review sentiment analysis tools and &8 in order to choose the right tool for his
purpose?". To answer this question a literaturdystull be conducted on sentiment analysis
tools and epistemological traditions. For the epmilogical traditions Wijnhoven en
Churchman's inquiry systems will be used. Eachtemislogical tradition has its own view on
what is important in information. Based on thesistemological traditions criteria will be
established in order to value information. Thesiiga can then be used to value the
generated knowledge by sentiment analysis toolsnBhsearch and evaluation of existing
tools will be given using the criteria establishs@xt the method will be tested for their
usability by laymen. Finally, conclusions will bezgn with recommendations and
suggestions for further research.



2. Literature study
In order to find literature on the use of sentimamalysis and sentiment analysis tools the
following query, as suggested by (Wijnhoven & Blaam2013) but slightly altered, has been
used:("Sentiment analysis") OR ("Opinion Mining") AND (("Social Media" OR "User
generated content” OR reviews OR blog OR forum*)). Using this query in Scopus (June 2013)
gives 788 results. These results are then sorté@ibgd by" and from these | selected the
first 30 papers that seemed relevant by title é&®eendix | for an overview of these articles).
| then proceeded to read the abstracts from thegaBers and selected and read 6 papers
(Cambria, Speer, Havasi, & Hussain, 2010; Chen én§js2011; Lee, 2008; Liu, 2010;

Tsytsarau & Palpanas, 2012; Wu et al., 2010). Tieria for being "useful” in this research
is whether the article is about the quality of itfermation of sentiment analysis and is

written in non-technical terms (see table 1 fopaarsight on the chosen articles and reason

for its selection).

—

D

Author Year Title Reason for selectiof
Tsytsarau, M., 2011 Survey on mining | Gives an overview o
Palpanas, T. subjective data on thecurrent research and
web proposed methods
Chen, C.C., Tseng, | 2011 Quiality evaluation of Uses an information
Y.-D. product reviews quality framework
using an information
quality framework
Cambria, E., Speer, | 2010 SenticNet: A Discusses a resourc
R., Havasi, C., publicly available for opinion mining
Hussain, A. semantic resource far
opinion mining
Wu, Y., Wei, F., Liu,| 2010 OpinionSeer:| Discusses a
S., Au, N., Cui, W., Interactive visualization system
Zhou, H., Qu, H. visualization of hotel| for sentiment
customer feedback | analysis
Liu, B. 2010 Sentiment analysis:| Gives an overview o
A multifaceted the field and
problem challenges
Pang, B., Lee, L. 2008 Opinion mining angdGives a an overview

sentiment analysis

on current research
on sentiment analysi

and opinion mining

Table 1: Chosen articles and reason for selection

The results are mainly papers that are very teahronly a few papers are within the scope

of this research. When using ["'Sentiment AnalyaslT] as a query it only gives 12 results,
with no articles relevant to this research. Thiggasts a gap in research on sentiment analysis
tools and further research needs to be done. Be¢here is no research on sentiment
analysis tools available for laymen, let alonelmaquality of the generated knowledge by
these sentiment analysis tools, this study willfon the evaluation of the value of generated

knowledge by sentiment analysis tools.



In order to evaluate the generated knowledge birsent analysis tools one has to look at
the quality of the information it generates. Tolaage this knowledge, | will identify criteria
based on 5 epistemological traditions. For thetepislogical traditions | use (Wijnhoven,
2009), (Churchman, 1971), (Wijnhoven & Bloemen, 204nd (Lacey, 1996) as an addition
to Churchman.

3. Value of information

Wijnhoven identifies, on basis of Churchman, fiygséemological traditions for the
evaluation of knowledge: Lockean Empiricism, Leian Rationalism, Kantian Idealism,
Hegelian dialectics and the Singerian Pragmatidmesg five traditions all have their own
view on information and its value. These epistemgigial traditions will be used in order to
establish criteria for the value of the generateovMdedge from the sentiment analysis tools.
These criteria can then be used by First | willldggummarize every tradition and their
ideas on information.

3.1. Lockean empiricism

Empiricism is a knowledge theory that assumeskhatvledge can only (or mainly) be
acquired by means of observation or experimentatiookean empiricism states that a
human is born as a tabula rasa, a blank tabletassuimes the human mind has no innate
ideas and all knowledge is a posteriori. Becausavigdge is the result of experience it is
important that the measurements meet certain guailteria: precision, accuracy, reliability
and validity (Babbie, 2010). Precision refers tavilpyecise a measurement is. For example:
this book was written in the 1900's is less prettis@ when you say this book was written in
1902. A general rule of thumb is that more pre@deetter than less precise. Accuracy refers
to how accurate the measure is, how well the obsiervreflects the real world. The book
was written in The Netherlands is more precise tharbook was written in Europe. If the
book was written in Germany the latter statemergneghough less precise, is more accurate
than the first statement. Reliability of an obséiorameans that the same data will be
measured every time in a repeated observation (Bab010). Validity refers to whether a
measurement reflects the concept that was intetededasure. For example if you are trying
to measure nationalism you don't want to measurepam, even though they might be
related, they are not the same. The demographitgearoup you are mining opinions on is
also important to take into account. The demogiapimiay not represent the group you want
to analyze and this could lead to a demograph&s &mnd have an impact on the value of the
generated knowledge. Therefore the sentiment ardtys should take this bias in account in
its analysis. These are all very important conceptsder to value information from an
empirical perspective. Accuracy will not be usecaid®rion because this is not relevant when
evaluating the generated knowledge of sentimenysisaools because there is no way to
check how accurate the measure actually refleetsel world. The validity criterion is used
to see how well the measurement measures whattexied to measure. Because the data
used by sentiment analysis tools is empirical iinportant to use

3.2. Leibnizian Rationalism
Rationalism is a knowledge theory that assume®reasthe main source of knowledge or
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"any view appealing to reason as a source of krayder justification”(Lacey, 1996). This
view in its most extreme form beliefs that knowledgontrary to empiricism, is obtained a
priori. This means that there is no need for a@gnsxperience. Because of this assumption
empiricism and rationalism seem to be oppositesbtutally don't necessarily have to be
mutually exclusive as a philosopher can be bottpieast and rationalist (Lacey, 1996). The
most important point is "that the creation of knetge is not based on the development of
consensus in a group of experts, but that any pexsib the proper kind of logical and
reasoning capabilities may be able to discover kedge and models of reality on his or her
own"(Wijnhoven, 2009). This means that for inforroatto be valuable, it must be the result
of proper reasoning. Leibniz' principle of sufficteeason states that nothing is without
reason and no effect is without a cause (Look, 20D8nclusions should be drawn from
proper argumentation and clear reasoning, so arezgent for information in order to be
valuable is that the reasoning behind this genétdatewledge should be detailed and
understandable. A sentiment analysis tool showddogical conclusions (logical
consistency) from the obtained data and this reaganust be detailed in order for it to be
valuable.

3.3. Kantianism

Immanuel Kant explains his theory in "The CritiqpfedPure Reason". In this work he states
that we should not only look at experience butahexperience and a priori concepts. This
means that a sensory experience is influenced laypaiori concept. A way of looking at this

is as if someone is wearing glasses, where theggagpresent the way they look at the world
around them and other people can have differessgkathat shape their sensory experiences
and view on the outside world. Kant argued that gimenomenon could be seen from

multiple perspectives and that not everybody laatkihiings the same. However, people will
probably understand each other and can compleraehtaher with the information obtained
from their perspective. So in order for informatgenerated by sentiment analysis tools to be
valuable the tool should look at multiple categerieor example when looking at a car, the
sentiment analysis tool can look at the price ciiafort and the speed of the car. This doesn't
really give a clear image of what people thinklo$tcar, people might think this car is a bit
overpriced, uncomfortable and not fast enough. Thght, however, really appreciate other
aspects of the car so that the complete imageeatdhis rather positive. So in order to give a
relevant and complete view of what people thinkhig car the sentiment analysis needs to
distinguish different categories. These categaiesild be relevant and complete in order for
the generated knowledge to be valuable. It is ialgmrtant to take event bias into account.
An event could influence a person's "glasses" hackfore their sensory experience .
Therefore another requirement is that the sentiraealysis tool takes this bias into account
and tries to eliminate it.

3.4. Hegelian dialectics

Hegel developed a view on knowledge and creatadlactic system. This dialectic system is
described by (Churchman, 1971) as a three-steggsothesis, anti-thesis and synthesis.
Where the thesis is one view on a phenomenon andrti-thesis a opposing view on the
same matter. In order to solve this conflict a Bgsts has to be found. There are however



always different views and interests in play. Idar to find a synthesis it is key to eliminate
possible sources of bias that might distort aaaitanalysis. One way to do this is to use
triangulation. Triangulation is the use of multiphethods in order to increase the validity of
the information (Wijnhoven, 2009). So in order horease the value of information (the
synthesis) sources of biases should be elimin@fégihhoven & Bloemen, 2013) focuses on
three kinds of biases found in opinion mining: dgnagphics bias (issue of empirical nature),
manipulation of reviews (Hegelian issue) and bessed by events (Kantian issue).
Manipulation of reviews is an Hegelian issue beeaumanipulates a critical analysis due to
the illegitimate views it produces and thereforenipalates the synthesis. These biases are a
threat to the value of the generated knowledgerefbee the value of generated knowledge
can be evaluated by looking at how biased this kedge is and in what way these sentiment
analysis tools try to eliminate these possible sesiof bias.

3.5. Singerian Pragmatism

All of these aforementioned epistemologies shaeedbraracteristic: they all aim at finding

the truth. The Singerian pragmatism integratesfalese epistemologies but thinks that
finding the truth is only valuable when it improwbe human condition (Churchman, 1971).

It searches the knowledge that is useful for ewaeyoegardless of time and place. In this
pragmatic view the focus lies on the means to ah & generated knowledge only has value
when it helps solving the issue at hand. This méaatsthe knowledge generated by a
sentiment analysis tool must be relevant for teeasat hand and display the generated
knowledge in a way that is understandable for layme

4. Assessment method

In order to evaluate the generated knowledge birsent analysis tools this concept must be
operationalized. After the operationalization Ilwitovide a method for the layman to scale
the presence of these criteria in the generated/lieige by the sentiment analysis tool. The
presence of these criteria then indicate the valuke evaluated tool.

4.1. Criteriafor the value of generation knowledge by sentiment analysistools

Based on what the five epistemological traditioissassed in chapter 3 see as valuable
information, | have identified 14 criteria that indte the value of the generated knowledge by
a sentiment analysis tool (see table 2 for a supmar
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Strongly disagree Disagree Meutral AEree Strongly agres

Figure 1: Likert scale

Each of these criteria will now briefly be discusse chapter 4.2. In order to measure these
criteria | use a Likert scale (see figure 1) in tamation with a statement reflecting the



presence of this criterion. The layman can themestttese criteria on that scale. Criteria with
multiple statements reflecting the presence of ¢hggrion will be rated the average score of
those statements (rounded up to an even number).

Epistemological Traditions

Lockean Leibnizian Kantianism | Hegelian Singerian
Criteria Empiricism Rationalism dialectics Pragmatism
Validity X
Reliablity X
Precision X
Causality X X
Detail of
reasoning
Transparency of X
reasoning
Understandability X X X
for laymen
Relevancy for X
problem solving
Usability of X
information
Transparency of | x X X
dealing with (demographics (event (manipulation
biases bias) bias) of reviews)
Elimination of X X X
biases (demographics (event (manipulation
bias) bias) of reviews)
Categories X X
-Relevancy X X
-Completeness X X X

Table 2: The criteria indicating the value of generated knowledge by sentiment analysistools



4.2. Operational definitions

For each criteria the operational definition with be given. Each criterion will be measured
by one or more statements reflecting the presehtebcriterion. These statements are
shown in table 3.

Validity

Validity refers to whether a measurement refldoésdoncept that it was intended to measure.
Does the sentiment analysis tool give results abatt you intended to measure or does it
give results about something else?

Tool gives results

Validity » about what was
intended to analyze

The sentiment analysis tool gave me results about
what | intended to be analyzed.

A 4

Figure 2: operationalization of validity
Reliability
Reliability of an observation means that the saata @ill be measured every time in a

repeated observation. Does the sentiment anabaligitve the same results when the search
is repeated?

Search results are
Reliability » the same when
repeated

When the same search is repeated this tool gives me
identical results.

\ 4

Figure 3: operationalization of reliability

Precision
Precision refers to how precise a measurementésth® results precise or are they vague?
General rule of thumb here is that more precisgeiter than less precise.

Results are precise
and not vague

The search can be specified very precisely. (like date,
time, location etc.)

A 4

Precision >

Figure 4: operationalization of precision

Relevancy for problem solving

Relevancy is about whether the generated knowledigevant for solving the problem at
hand. Does the sentiment analysis tool providewiin information that is relevant to the
problem you were trying to solve?

Relevancy for Results are relevant

problem P for the problem at >

. hand
solving

The sentiment analysis tool gives results that are
relevant for the problem | was trying to solve.

Figure 5: operationalization of relevancy for problem solving



Transparency of reasoning

Transparency of reasoning is about whether thement analysis tool shows you how it
came to its conclusions. Does the tool provide wdh insight on how they get from the data
to their conclusions or does it only give you tadusions?

Transparency - Rgasomng & ) | The sentiment analysis tool shows how it got from the
; g ©TAENENEE > data to its conclusions.
of reasoning tool is transparent )

Figure 6: operationalization of transparency of reasoning

L ogical consistency
Logical consistency refers to reasoning behindgéreerated knowledge. Is the reasoning
logical? Or do the conclusions drawn in the analysake no sense?

Logical > seni?:;iec:'nr:;ﬁ;\f/s is > The reasoning behind the
consist ency el I st conclusions is logically consistent.

Figure 7: operationalization of causality

Detail of reasoning

Detail of reasoning refers to whether the reasofioig the sentiment analysis tool is detailed
or not. It is important for the sentiment analytsigl to use detailed reasoning as reasoning
that is too simple would give wrong conclusions

Detail of - Reasoning of w| The reasoning behind the conclusions is described in
. P sentiment analysis > detail
reasoning is detailed ’

Figure 8: operationalization of detail of reasoning

Under standability for laymen

Understandability for laymen refers to whetherrbgults are given in a way they are
understandable for a layman. Are the results ptedan non-technical terms and an
understandable way?

The sentiment analysis tool gives results that are
presented in non-technical terms

A\ 4

Understandability Results are
for |aymen " understandable

The sentiment analysis tool gives results that are
understandable.

A\ 4

Figure 9: operationalization of understandability for laymen



Usability of information
Usability of information refers to whether the sergnt analysis tool produces usable
information. Does the tool provide you with dirgctisable information?

- Generated
Usability of o  knowledge is w|  The sentiment analysis tool gives results that are
information "1 directly usable ” directly useable for decision making.
information

Figure 10: operationalization of usability of information

Categories
Categories refers to the number of categoriesgh@mrsent analysis tool provide you with.
The sentiment analysis tool should look at enowgbgories.

Sentiment analysis The sentiment analysis tool provides different
Categori es > tool provides ¥ categories about the sentiment (for example: different
enough categories aspects of a product with corresponding sentiment).

Figure 11. operationalization of categories

Relevancy of categories
Relevancy of categories refers to whether the caiegjthe sentiment analysis tool provides
you with are relevant

Releva ncy of - s a.naly5|s | he categories the sentiment analysis tool provided are
i >» tool provides > et
categories relevant categories ’

Figure 12: operationalization of relevancy of categories

Completeness of categories
Completeness of categories refers to whether ttegyodes the sentiment analysis tool
provides you with are complete

Completeness - Sentiment analyis «| The categories the sentiment analysis tool provided
. tool provides > P e
of categories complete categories -

Figure 13: operationalization of completeness of categories

Transparency of dealing with biases
Transparency of dealing with biases refers to wdrete sentiment analysis tool provides you
with insight on how it deals with biases. Doestih@l show you how it deals with biases?

10



Sentiment analysis . . .
yst The sentiment analysis tool shows how it deals
w | tools shows how it -

deals with P with demographic bias in order to make the
e e results more valuable.

Tra nsparency fsglt;?rf::v: rr\]aol‘\l/vs:: The sentiment analysis tool shows how it deals
of dea|lng deals with event P with event bias in order to make the results more

valuable.

with biases bias

i lysi . . .
sentiment ana y5|.s The sentiment analysis tool shows how it deals
» | tools shows how it -

deals with review » with review manipulation bias in order to make
etk e s the results more valuable.

Figure 14. operationalization of transparency of dealing with biases

Elimination of bias

Elimination of bias refers to whether the sentimamlysis tool takes biases into account.
Does it take demographic bias, event bias and matipn bias into account when analyzing
the data?

- Eliminates « | hesentiment analysis tool deals with demographic

7" demographic bias > bias in order to make the results more valuable .
Elimination | Eliminates event | The sentiment analysis tool deals with event bias in

of biases bias order to make the results more valuable
- . The sentiment analysis tool deals with review
| Eliminates review - . . Lo
' . . . P manipulation bias in order to make the results more
manipulation bias valuable

Figure 15: operationalization of elimination of biases

5. Evaluation of sentiment analysistools

This chapter gives an evaluation of existing tobisst of all a search is done in for sentiment
analysis tools that are usable for laymen. Thened Bescription per tool will be given in
combination with an evaluation using the methodhapter 4.

5.1. Search for sentiment analysistools

Because no funds are available for these toolsaheyequired to be either (1) available for
free, (2) have an available trial version of tresiftware or (3) have a demo available. See
table 4 for an overview of the found tools.
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Sentiment analysis tool Free Trial Demo | URL

Topsy Pro Analytics X https://pro.topsy.com

Veooz X http://www.veooz.corh

Opinion Crawl X http://www.opinioncrawl.com
Crimson Hexagon* X http://www.crimsonhexagon.com/
Sysomos** X http://www.sysomos.com/

General Sentiment** X http://www.generalsentiment.com/
Trackur X http://www.lymbix.com/
Sentiment140 X http://www.sentiment140.com/
Socialmention X http://www.socialmention.com
Radian6 X http://www.salesforcemarketingcloud.cor,

m/

Table 3. Sentiment analysis tools

*Demo is available according to website, but access was denied when | contacted them.
**Demo is available according to website, but no access has been granted.

5.2. Evaluation of sentiment analysistools

For each evaluation the same query has been udleth@isame end-goal. | searched for the
topic: "iPhone 5" in order to see what the sentitvoa this topic is so | could find out what
needs to improve with the next iPhone in orderaim gnore customer satisfaction. This has
been done for the purpose of rating the criteréa table 5 for a overview of the tools and the
criteria with their scores and see appendix IVsicreenshots of the output.

Topsy Pro Analytics

Topsy Pro Analytics is a paid service that gatlaeig analyzes social web data. It analyzes
hundreds of billions of tweets from Topsy's indixgives information on trending topics,

opinion leaders and provides sentiment per topau ¥an enter a search query and specify
this on date, location, language, sentiment ancembis also possible to do a comparative
search for example to compare different compameisa same industry. Topsy will identify
the most important and influential posts and users.

V eooz

Veooz is a simple sentiment analysis tool. It ussgter, Facebook and news comments as
sources and shows the sentiment for the spectigd for (up to) the last 90days. It also
gives related news, photos and videos for the edtguery. It allows you to filter the activity
per source, opinion and gender. It is easy to usedes not give a lot of relevant information

and statistics.

Opinion Crawl

Opinion Crawl is a simple and easy to use sentiraralysis tool. It is available for free and
allows to search the web for a topic and givessdrgiment for that topic. It also provides
recent news and key concepts on the specified gligtges not provide any over-time
statistics and therefore the information is notvetevant. It also does not show what the tool
exactly analyzes in order to calculate the senttmen



Trackur

Trackur is a paid service that monitors social metliuses news, blogs, Facebook, Twitter,
Google+ and other social media sites as sourcalioWs you to enter a search query and
gives you the results about recent posts aboutdpat. It shows the sentiment, source,
influence and date per result. You can specify ymary by country and source. It shows
sentiment trends for up to 7 days and identifies hwich influence a post has.

Sentiment140

Sentiment140 is a free and simple sentiment arslgsi. It uses Twitter in order to obtain
the sentiment for the specified topic. It is poksib specify for English or Spanish tweets. It
shows the overall sentiment by percent and shoeentéweets about the topic. It only gives
the sentiment on tweets for the past hour and dokgive any over-time statistics and does
not identify influential users or posts.

Socialmention

Social mention is a free sentiment analysis taaoks real-time social media searches and
analysis. It searches through the web for mentionthe specified topic. It shows recent
mentions (up to a month), the sentiment, top usedssources. It is also possible to specify
the search per source (blogs, microblogs, commewngsits, images, news, video, audio,
Q&A and networks) and date.

Radian6

Radian6 is a paid service that monitors social mpdsts, blogs, news sites, discussion
boards and video websites. It identifies and amsly®nversations about your company,
product or competitors. Radian6 provides the ust#r rgal-time information on topic, the
sentiment and identifies key users. Multiple largpsaare supported and results can be
filtered by time, location, source and media tyipallows you to see influential posts and
allows you to respond to these posts. Multiple fioms are available in order to make it easy
to use and allows for multiple users to use theesactount.
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Criteria

Topsy

Veooz

Opinion
crawl

Trackur

Sentiment140

Socialmention

Radian6

Empiricism

-Validity

-Reliability

-Precision

-Elimination of
biases
(demographics
bias)

=ik

RN

RN

RiWwlw| un

=N

Riwlunn

N,

-Transparency of
dealing with bias
(demographics
bias)

Rationalism

-Logical
consistency

-Detail of
reasoning

-Transparency of
reasoning

Kantianism

-Transparency of
dealing with biases
(event bias)

-Elimination of
biases (event bias)

-Categories

-Relevancy of
categories

-Completeness of
categories

Hegelian dialectics

-Transparency of
dealing with biases
(manipulation of
reviews)

Elimination of
biases
(manipulation of
reviews)

Singerian
pragmatism

-Understandability
for laymen

-Relevancy for
problem solving

-Usability of
information

4

Table 4: overview of evaluated tools




6. Usability for laymen and inter-rater reliability

In this chapter an evaluation for the usabilityled method for laymen will be given. In order
to evaluate the usability of the assessment mdtirddymen a weighted kappawith linear
weights will be used to test the inter-rater raligh Three laymen will score the sentiment
analysis tools Sentiment140 and Topsy Pro AnalyBestiment140 is a free tool and Topsy
is a paid tool. The scores will be compared to nwp gcores (user-expert rater) for the same
sentiment analysis tool. A user-expert rater igtarrthat has used multiple sentiment analysis
tools and has some experience in using these todlss case myself. All four raters will use
the same search query and end-goal (the same@sbedsn chapter 5.2). The expert rating
and rater 2 will be tested for inter-rater relidgjlrater 2 and 3 will be tested for inter-rater
reliability and rater 1 and 3 will also be testedihter-rater reliability. This way the usability
of the tool for laymen will be tested together witie inter-rater reliability of the scale (see
figure 15). The scores per rater and screenshdtseahter-rater reliability tests can
respectively be found in appendix Il and IlI.

Expert Raterl Expert Raterl
074t 053]} 0,80} o78i}
v v v
Rater2 <= Rater3 Rater2 ~7=~ Rater3
0/83 0[{86
Figure 15: IRR Sentiment140 Figure 16: IRR Topsy Pro

As (Landis & Koch, 1977) proposed, the followingéés will be used to interpret the strength
of kappa: <0.00 is poor agreement, 0.00-0.20 Ightsagreement, 0.21-0.40 is a fair
agreement, 0.41-0.60 is a moderate agreement00881lis a substantial agreement and 0.81-
1.00 is an almost perfect agreement. A requirerfzgrthis method is that it is usable by
laymen. This means that the expert rater and ghmda rater should have an inter-rater
reliability of at leask=0.61.

For Sentiment140 expert and rater 2 have an iater-reliability ofk=0.74, which indicates
substantial agreement between the raters. Thisstiwt the expert rater and the layman rater
have a substantial agreement and this means tleeiscsable for laymen. Rater 1 and 3 have
an inter-rater reliability ok=0.53, which is a moderate agreement. Rater 2 drav8 an
inter-rater reliability ofc=0.83, which is an almost perfect agreement. Bothefe are
acceptable and indicate that the scale is apptedoa measuring the criteria.

For Topsy Pro Analytics expert and rater 2 haventar-rater reliability ofc =0,84. Which
indicates an almost perfect agreement. Rater Bdrave an inter-rater reliability 0,78,
which is a substantial agreement and rater 2 dmal/8 a inter-rater reliability a#=0,86.
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The difference between the moderate IRR between taand 3 for Sentiment140 and the
substantial IRR between rater 1 and 3 for TopsydPadytics can be explained by how these
raters have rated both tools. If you look at theedr individually you can see they both rated
these tools quite similar but there are really $tifferences in rating per criterion.

7. Conclusions

The main research question of this paper is: "Hawa layman critically review sentiment
analysis tools and services in order to chooseigi tool for their purpose?”. In this paper a
method for laymen in order to evaluate sentimeatyais tools is presented. This method
consists of criteria that indicate the value obmfation which is made score-able for a
layman in order to evaluate the value of the gerdrinowledge by sentiment analysis tools.
Without much technical knowledge about sentimematyais tools a layman can still critically
review the sentiment analysis tool and evaluaenéireent analysis tool in the same way a
user-expert can. By looking at these criteria, Wwtace based on epistemological traditions, he
can decide whether the generated knowledge byethtersent analysis tool is valuable or not.
He can then decide which sentiment analysis toogig for his end-goal. Furthermore the
evaluation and description of the sentiment anslisls given in this research will allow
more people to find a sentiment analysis tool ihaseable for laymen and will enable more
people to use the right sentiment analysis toojelimeral the paid tools score much better on
all criteria except for transparency. This couldelplained by the fact that the paid services
want to keep their process a secret in order tteptoheir product.

7.1. Recommendations

This research shows what criteria are importantifervalue of information. | recommend
that developers of sentiment analysis tools loagkese criteria order to improve the value of
the generated knowledge of their sentiment anatgsis It gives insight in what is important
to users of the sentiment analysis tool. | recondragvelopers look at the criteria based on
rationalism because developers are not very traespa how their sentiment analysis tools
get their results.

Furthermore | recommend that more research shauttbhe on the usability of sentiment
analysis tools for laymen. While there are quiteiedree sentiment analysis tools available
which are very advanced and give better and mdeelelé results than free online sentiment
analysis tools, they are not usable by laymen. Thquire substantial technical knowledge or
programming experience for someone to use thewrder to enable more people to use
sentiment analysis tools more research needs dome on what makes a sentiment analysis
tool usable for laymen so that designers of thesks tcan take that into account. Furthermore
almost all sentiment analysis tools score badlgealing with the biases, so this should also
be addressed. Some tools might deal with thesedblag don't show whether they do it or
how they do it.

16



7.2 Discussion

Most of the evaluated tools score good on the aogpicriteria (except for dealing with the
demographical bias and its transparency). Nonbkefdols scored good on the Hegelian and
Kantian criteria which might indicate current tofdsus on obtaining data and doing good
analysis but lack focus on dealing with biasesamalyzing the sentiment in categories. This
means these criteria might not be useful for etalgaentiment analysis tools at this moment
but this does not mean these are not importamriaitor the value of sentiment analysis
tools. These criteria might be useful in the futwieen sentiment analysis tools are more
developed and widely available for laymen.
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Appendix |1

Criterion Score | Criterion Score
Validity 5 Relevancy for 2
problem solving
Reliablity 5 Usability of 2
information
Precision 2 Transparency of 1
dealing with
biases
Logical 5 Elimination of 1
consistency biases
Detail of 5 Categories 1
reasoning
Transparency of |5 Relevancy of 1
reasoning categories
Understandability | 5 Completeness of | 1
for laymen categories
Expert rater evaluation of Sentiment140
Criterion Score | Criterion Score
Validity 4 Relevancy for 3
problem solving
Reliablity 5 Usability of 1
information
Precision 3 Transparency of |1
dealing with
biases
Logical 4 Elimination of 1
consistency biases
Detail of 3 Categories 1
reasoning
Transparency of | 4 Relevancy of 1
reasoning categories
Understandability | 5 Completeness of | 1
for laymen categories

Layman rater 1 evaluation of Sentiment140
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Layman rater 2 evaluation of Sentiment140
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Layman rater 3 evaluation of Sentiment140
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Expert rater evaluation of Topsy Pro Analytics
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problem solving
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Appendix |11

R
P~ |
Observer A Rater_1
Observer B Rater_3
Observer A
Observer B 1 2 3 4 =
1 4 0 2 0 0 6 (42.9%)
2 1 0 0 0 0 1(7.1%)
3 1 0 0 0 0 1(7.1%)
4 0 0 0 1 1 2 (14,3%)
& 0 0 1 2 1 4 (28,6%)
6 0 3 3 214
(42.9%) (0.0%) (21.,4%) (21.4%) (14,3%)
Weighted Kappa® 0.528
Standard erraor 0,130
95% Cl 0,273 to 0,783
# Linear weights
[7]= Frequency chart

| -
Sentiment 140 rater 1 and 3
[ crrateragreement o) =k
Observer A Rater_2
Rater 2
Observer B Rater_3
Rater 3
Observer A
Observer B 1 2 3 4 £
1 6 0 0 0 0 6 (42.9%)
2 1 0 0 0 0 1(7.1%)
3 0 0 1 0 0 1(7.1%)
4 0 0 0 2 0 2 (14,3%)
5 0 0 0 2 2 4 (28,6%)
T 0 1 4 214
(50,0%) (0,0%) (7.1%) (28,6%) (14,3%)
Weighted Kappa® 0,883
Standard error 0.058
95% Cl 0,770 to 0,997
# Linear weights
9= Frequency chart
| -

Sentiment 140 rater 2 and 3
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B Inter-rater agreement (kappa)

] |
-
Observer A Expert
Observer B Rater 2
Rater 2
Observer A
Observer B 1 2 3 4 5
1 5 2 0 0 0 7 (50,0%)
2 0 0 0 0 0 0 (0.0%)
3 0 1 0 0 0 1(7,1%)
4 0 0 0 0 4 4 (28,6%)
5 0 0 0 0 2 2 (14,3%)
5 3 0 0 6:14
(36.7%)  (21.4%)  (0.0%)  (0.0%)  (42,9%)
Weighted Kappa® 0,742
Standard error 0.068
95% ClI 0,610 to 0,875
#Linear weights
(2= Freguency chart
a
Sentiment 140 expert rater and rater 2
1ol
-
Observer A Rater 1
Observer B Rater_3
Rater 3
Observer A
Observer B 1 4 5
1 T 0 0 7 (50,0%)
4 0 0 1 1(7.1%)
5 0 2 4 6 (42,9%)
7 2 514
(50,0%) (14,3%) (35,7%)
Weighted Kappa® 0.781
Standard errar 0,110
95% ClI 0,565 to 0,998
# Linear weights
2] Frequency chart
[~

Topsy pro analyticsrater 1 and 3
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Observer A Rater_2
Observer B Rater_3
Rater 3
Observer A
Observer B 1 4 5
1 7 0 0 7 (50,0%)
4 0 0 1 107,1%)
5 0 1 5 B (42.9%)
7 1 614
(50,0%) (7,1%) (42,9%)
Weighted Kappa® 0,856
Standard error 0,094
95% Cl 0,671 to 1,000
# Linear weights
a& Freguency chart
[~
Topsy pro analyticsrater 2 and 3
-loix]
|
Observer A Expert
Observer B Rater 2
Rater 2
Observer A
Observer B 1 2 4 5
1 6 1 0 0 7 (50,0%)
2 0 0 0 0 0 (0.0%)
4 0 0 0 1 1(7.1%)
5 0 0 2 4 6 (42.9%)
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(42.9%) (7.1%) (14.3%) (35.7%)
Weighted Kappa® 0.807
Standard error 0.082
95% Cl 0,645 to 0,968
# Linear weights
(2] Frequency chart
[ -]

Topsy pro analytics expert rater and rater 2
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